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With the explosion of micro-videos, it is essential to develop video summarization algorithms that simul-
taneously capture the diverse video content and represent the original video. Many methods employ deep
neural networks (DNNs). However, DNN summarization models do not directly consider summary diversity.
On the other hand, submodular functions can be seen as a form of diversity. However, the shallow structure
prevents the data representation at a more abstract level. This paper proposes a novel submodular pseu-
do-3D network (SP3D), which equips submodular functions with a multi-layered network for micro-video
summarization. Unlike standard DNNs, the proposed SP3D network and the corresponding optimization
method consider the interlock dependency among the selected frames, thus improving the diversity. The
experimental results indicate that the proposed model and optimization method are effective in micro-video
summarization.
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1. Introduction

Micro-videos are becoming increasingly popular by 50% (https://abc.xyz/2024-ql-earnings-call).
amongst all age groups. In 2023, the number of chan-  Reels has driven more than 40% increase in time
nels uploading YouTube Shorts year-on-year grew spent on Instagram since its launch (https://inves-
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tor.fb.com/investor-events). Different from profes-
sionally produced videos, typical short videos are
captured casually by handheld mobile devices [36,
40]. They have diverse content and usually lack a
predefined structure [17, 59]. With this explosion of
micro-video data, it is essential to develop automat-
ic video summarization algorithms to capture the di-
verse video content and represent the original video.

Diversity refers to capturing different aspects of the
input video. In other words, it measures how dissim-
ilar the selected frames are and removes the redun-
dancy from a summary. Micro-video platforms, such
as YouTube Shorts, can combine multiple video clips
together. Semantic discontinuities may exist within
video sequences, which makes it challenging to di-
versify the selected summary frames [41].

Many video summarization methods employ deep
neural networks (DNNSs) [58, 61, 62]. Compared to
shallow structures, deep networks comprise mul-
tiple processing layers that can discover the rep-
resentations needed for complex data [34]. It was
stated in [1] that deep-learning-based methods out-
perform traditional approaches that rely on weight-
ed fusion, sparse subset selection, or data clustering
algorithms. Frames or segments are selected based
on an importance score computed by the summariz-
er network [1, 53]. However, traditional DNN video
deep-learning-based summarization networks can
not eliminate redundancy within the selected sum-
maries, resulting in limited diversity performance.

The submodular function is a promising approach
to improve the diversity of summaries. Unlike deep
neural networks, submodular functions exploit their
diminishing returns property to fit summary selec-
tion. That is, in video summarization, the incremen-
tal value of adding a video frame decreases with the
growth of the summary, thus encouraging diversity
[58, 25]. Moreover, submodular functions offer de-
sirable optimization properties [27]. Generic sum-
marization addressed by cardinality-constrained
submodular maximization can be resolved in a con-
stant factor (= 63%) using greedy algorithm [31]. The
weakness lies in the submodular part’s non-deep
function, resulting in no interaction among features.

The concept of deep submodular functions (DSFs)
has been proposed recently [5, 16]. By utilizing ad-
ditional layers of nested concave functions, DSFs
have a multi-layered architecture similar to the
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feed-forward deep neural networks (DNNs). Sub-
modularity follows if the data features satisfy mod-
ularity and the layers are constructed by non-neg-
ative weights. Nevertheless, the 2D structure of
DSFs ignores key temporal information within the
video [10]. Moreover, using only modular features
restricts the capability of modeling the video sum-
marization problems.

In this paper, we generalize DSFs and devise a sub-
modular pseudo-3D (SP3D) network to achieve video
summarization with better diversity. The main con-
tributions of this work are summarized as follows:

1 We propose anovel submodular pseudo-3D (SP3D)
network, which captures the diverse spatiotempo-
ral content from micro-videos. The SP3D network
generalizes the DSFs to accept not only modular
features and handle inputs with 3D structures
more efficiently.

2 A learning and optimization framework is devel-
oped to train and assess the SP3D network effi-
ciently. Our method is more than 10 times faster
than previous work.

3 We demonstrate the practical benefit of the pro-
posed SP3D network in video summarization. Over
3,000 micro-videos are used in the experiment.
The algorithm is confirmed effective according to
the experiment conducted.

2. Related Work

2.1. Submodular Functions

Set functions are submodular if they fulfil the dimin-
ishing returns property [30], that is, the incremental
value of adding an element decreases as the size of
a set grows [4, 43]. The definitions of modular and
submodular functions are in Subsection 3.1 General
Definition. Submodular functions have strong theo-
retical support and a wide variety of applications.

Firstly, submodular functions possess attributes for
efficient optimization. For monotone non-decreasing
submodular functions, the classic result under uni-
form matroid constraint is the (1-1/e)-approximation
via greedy algorithm [43, 44]. One may consider more
general matroid constraints. The greedy algorithm
achieves a 1/2-approximation [21, 39]. Calinescu et
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al. [7, 8] leveraged a continuous relaxation (i. e. mul-
tilinear extension) and extended the (1-1/e)-optimal
solution to an arbitrary matroid constraint.

Secondly, submodular functions have a wide vari-
ety of applications in the field of machine learning,
especially in representing diversity. They have been
utilized as diversity functions for data summariza-
tion, including document summarization [38, 56],
image collection summarization [30, 51], stream
data summarization [12, 42], etc. And they are useful
in diversified mini-batch selection [28], web search
[9,11], interactive recommendation [15] and so on.

However, the expressivity of the traditional submod-
ular functions is limited by their shallow structure.
Bilmesetal. [4, 5] introduced deep submodular func-
tions (DSFs). DSFs are a flexible parametric family
of submodular functions that share many properties
and advantages of deep neural networks (DNNs),
including the many-layered hierarchical topologies,
training strategies, etc. The expressivity of DSFs
strictly grows with the number of layers.

Although a DSF has favorable properties for data
representation and problem optimization, the 2D ar-
chitecture impedes its implementation on videos. In
this paper, we bridge the submodular functions with
3D architecture.

2.2. Submodular Functions and Video
Summarization

In video summarization, submodular functions are
exploited to improve the diversity of the selected
summary. The determinantal point process (DPP),
which is a non-monotone submodular function, is a
powerful probabilistic model for diverse subset se-
lection [32]. Xu et al. [55] leveraged DPP to measure
the diversity of a summary with mutual information
between the selected summary and the remainder
of the sequence. Zhang et al. [57] utilized DPP to ex-
tract a globally optimal subset of frames when trans-
ferring the subset structures in the human-created
summaries of the training videos to a new video.
Zhang et al. [58] combined the LSTM network with a
DPP to increase the diversity in the selected subsets.
Banihashem et al. [3] proposed a dynamic algorithm
for non-monotone submodular maximization and
implemented it in video summarization using DPP.

Monotone submodular functions have also been ex-
plored for video summarization to reduce computa-
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tion complexity. Gygli et al. [25] formulated the task
of video summarization as a subset selection prob-
lem, i. e, monotone submodular functions maximi-
zation. Li et al. [37] built a general summarization
framework to summarize both edited and raw vid-
eos. The problem was cast as monotone submodular
functions maximization to find an optimal solution.
Elhamifaretal. [17] considered the problem of online
video summarization and proposed an incremental
subset selection framework. The optimized solution
for the framework was found via solving an uncon-
strained submodular objective function. Li et al. [35]
provided a deterministic algorithm that achieves a
1/2-approximation for monotone submodular max-
imization subject to a knapsack constraint, and
achieved several orders of magnitude faster than the
baseline methods in video summarization.

Despite the valuable results of these methods, their
weakness lies in the non-deep function of the sub-
modular part. Compared to deep networks, shallow
structures can hardly learn data representations at
a more abstract level, resulting in little interaction
among features. Our work bridges the gap between
submodular functions and multi-layered networks.

3. Submodular Pseudo-3D Network

3.1. General Definition

Let V denotes a ground set of n elements. A set
function f:2V—R, is submodular if it fulfills the
diminishing returns property, i.e., given arbitrary
sets ACBCV and an element veV\B, it holds
f(AUV)—f(A)>f(BUv)—f(B).Itismodularifboth f and
—fare submodular. Function fis said to be monotone
non-decreasing if f(AUv)—f(A)>0 for any veV and
ACV. Traditional submodular functions are sub-
modular functions connected by weighted fusion.
Submodular or modular features are feature ex-
traction functions that satisfy submodularity or
modularity, respectively [4]. In our experiment,
interestingness features are utilized for the Emo-
tion6V dataset. The interestingness feature is a kind
of submodular feature [25]. The GoogLeNet feature
is modular, since selecting one more frame for the
summary or removing a frame from the summary
does not impact the features of the other selected
frames.
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3.2. Continuous Extensions of Submodular
Functions

A submodular function provides discrete results,
but lifting the problem into the continuous domain
helps to obtain optimal results. The continuous ex-
tension of a submodular function fis some function
from the hypercube [0,1]" to R that agrees with fon
the vertices of the hypercube [18]. We make use of
the below DSF concave extension in optimizing our
SP3D network.

Corollary 1. (DSF concave extension [2,5]) The DSF
concave extension F(x):[0,1]*— R is an extension of
a DSF f(A) and is concave.

3.3. Matroid and Cardinality Constraints

A matroid M =(V,]) is an abstraction of linear inde-
pendence structure among the columns of a matrix.
Since the matroid includes subsets with indepen-
dent elements, it offers the desirable property for
summarization. We adopt a uniform matroid con-
straint in our video summarization, i.e., a cardinal-
ity constraint, which is the family of all subsets with
cardinality k. Like general matroids, cardinality
constraints can be generalized to the continuous do-
main as polytopes defined below [22]:

Pk={xeR’+‘|Zi“:lxi=k,0£xi£1}_ @

3.4. Submodular Pseudo-3D Functions

The general definition of the SP3D function is shown
below:

Definition 1. Let V be a ground set of n elements,
X, with n rows be the features extracted from V, and
VS < V. The submodular pseudo-3D function of S,
SP3D:2" — R, is defined as follows:

SP3D, (S)=

H(...0,G3D(@,F3D(@,Conv3D(X, :S)))), v

where Conv3D(-)=Conv1D(Conv2D(-)) is the pseu-
do-3D function, F3D(-)=Conv1D(f(*)) and G3D(:)=-
Conv1D(g(+)) are combinations of temporal convo-
lution Conv1D(-) and the traditional submodular
functions.
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The F3D(:) and G3D(:) are performed as layers of
submodular pseudo-3D functions. Here, the Conv1D
Conv2D:R,—R, are 1D and 2D discrete convolution
functions, respectively. The f(-),g(-),H(-):R,—R, are
non-negative, monotone non-decreasing continu-
ous concave functions, and w, are trainable weights
with w,>0. The XS is an element-wise multiplica-
tion and represents that the summary set S is em-
bedded into the feature space X,

Proposition 1. SP3D is a deep submodular function.
The DSF concave extension S:[0,1]" > R is a con-
tinuous extension of SP3D and is concave.

Proof. See Appendix A.

4, Submodular Pseudo-3D
Network for Video Summarization

4.1. Problem Formulation

Given avideo V with n frames, we formulate the video
summarization task as the maximization of the SP3D
function under cardinality constraint as follows:

s =argmax SP3D, (s). @)

seM

where X,€R™ is the f-dimensional feature set ex-
tracted from video V, SP3D (-) is the submodular
pseudo-3D function associated with the video feature
Xy, M=(V,T) is the cardinality constraint, scV is any
possible summary set, and s” is the selected summary.
Then the objective function Equation (3) is lifted to
the continuous domain as below:

y =arg r;lax Sy, (v), @
yely

where S is the concave extension of SP3D proposed

in Proposition 1, P, is the corresponding polytope de-

fined in Equation (1), and y =1_,1, ERY is O for the

i-th elementi¢sand1fories.

4.2. Network Architecture

As illustrated in Figure 1, the SP3D network con-
tains the concave convolution layers (CCL) and deep
diversity layers (DDL). The CCL converts DNNs to
satisfy submodularity, capturing the intricate video
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Figure 1
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An overview of the submodular pseudo-3D (SP3D) network. It consists of two building blocks, the concave convolution
layers (CCL) and deep diversity layers (DDL). Both blocks are submodular with multi-layer structures. The parameters
in SP3D are trained via modern optimization techniques available to DNNSs. The final optimized result is obtained using

projected supergradient ascent and rounding.

Intermediate Frame Subset

.
.

v

Concave Convolution Layers (CCL)

Deep Diversity Layers (DDL)

Video

y* = arg max S’Xv (y)
yEPy

.

Generated
Summary

information for further processing. The DDL lever-
ages a multi-layered architecture to improve the
diversity of the summary. Experimental results in
Subsection 5.5 demonstrate their effectiveness.

Our CCL has a similar pseudo-3D architecture to
the (2+1)D convolutional block proposed in [50].
Unlike the standard pseudo-3D structure, our CCL
adopts a concave function, element-wise square
root (element-wise sqrt), as the activation function
and keeps the network parameters non-negative. A
CCL block comprises several concave convolution
units and one fully connected linear layer. Each unit
contains one spatial convolution and one temporal
convolution as pseudo-3D modeling. The concave
activation is applied after the spatial or temporal
convolution.

The DDL block improves the diversity of the summa-
ry subset extracted from avideo. It contains submod-
ular functions in a multi-layer structure. The output
of CCL Y, and the video features Xy, are both taken
as the input of the DDL. The Y., performs as the
initial summary set for DDL optimization. The next

layer is submodular components f,, and f;,, which
capture a compact summary with good coverage. Be-
fore the linear output layer, concave activations are

implemented over the weighted sums of the results

from the previous layer, that is f = a)repfrep + @yt
In contrast to the traditional deep neural networks,
the intermediate summary Y. is optimized in
DDL as awhole, i.e., as an n-dimensional variable, to
achieve the final result. We will describe the details

in the following subsections.

4.3. Learning

Given N, training video clips V_, with ¢=1,2,....N,,
we optimize the following formulation to learn the
weight vectors w:

o =argmin 3 L, (o) o], ®
>

where L () is the loss function and ||w||, is the l,-norm
of the parameters. The loss function could be 1, loss,
hinge loss, or squared loss. In our model, we adopt
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the MSE loss. Equation (5) is the training objective
function. In our experiment, the training iteration
is 100. The termination condition is set to 20, which
means that if there is no improvement after 20 train-
ing iterations, the training will be stopped to prevent
over-fitting. In each training step, we project the
back to the non-negative quadrant to retain the sub-
modularity, which will be introduced in Section 4.4.

4.4. Optimization

The concave extension of SP3D can be efficient-
ly maximized via projected supergradient ascent
(PGA), where the optimized solution is projected to
the constraint space. It ensures that the results meet
the constraints criteria and the objective functions
preserve submodularity after each optimization
step. The continuous solution of PGA will be round-
ed to obtain an optimized set. The overall optimi-
zation algorithm is summarized in the Algorithm 1,
and a visualization of the optimization procedure is
in Appendix B. The method in this subsection is dif-
ferent from the one in Subsection 4.3. The updated
object is the summary to be generated, not the net-
work weights. We describe the details of our optimi-
zation algorithm below.

Algorithm 1 Optimization of the concave extension of SP3D

Require: SP3D concave extension S, polytope P, learn-
ing rate 7 and max iteration number T.

Ensure: optimized summary sety”
Initialize: y « a starting point in P,.
Fort=0toTdo
g(y')<as(y')
yt+l/2 _ yr +77g(y')

y"' =Pr ojec’cion(y””2 )

end for

R L
y=f2t:0yt)

y =Rounding(y)

4.4.1. Supergradient Ascent

The g in the Algorithm 1 is the supergradient of
SP3D’s concave extension S. For a concave function
in Definition 1, the supergradient is its derivative at
a specific valuation if it is differentiable.
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4.4.2. Projection

Projection is a subproblem of constrained optimi-
zation. An efficient projection plays a crucial role in
the optimization procedure since it is executed in
every iteration step [6]. In SP3D optimization, we
project the supergradient ascent result y*'? to the
polytope P, defined in Equation (1). It entails finding

. . 1 _ 1 e+1/2 %
apoint y*' € P, such that y =~ =arg IPHIHE”X -y "2,
xeP,
which is a convex optimization problem by itself. We
can solve it leveraging the KKT optimality condi-
tions and Lagrangian function in O(nlogn) time. See
Appendix C for proof.

In practice, we first sort the elements in y*'? to a
non-decreasing list, and use linear interpolation to
findi,, the maximum indexisuchthat f (y.“” 2 ) >k.The

Io

. . . . t+1/2 t+1/2
optimal value of Liswithin therange of [yiﬂ Yign :|
They'"! canbe computed element-wise usingy"?and

A.Thedetailed procedureis described in Algorithm 2.

Algorithm 2 Projection on the Polytope P,

Require: vector y"*'? eR" and cardinality constraint keN.
Ensure: y'!

Sort elements in y*'? so that
t+1/2 < t+1/2

y{) - Yn
For i=nto 0 do
t+1/2

A< yi
f« ZLS min{rnax{y]f”/2 - 2,0} ,1}
If f>k then

Iy
break
end if

end for

n-1 41/2
Zi=io Yi - k

n-i,

—i

A=

yi" = median(0,y}"* - 1,1)

i

4.4.3. Projected Supergradient Ascent

One of our main optimization tools is the projected
supergradient ascent to maximize the continuous
concave extension of SP3D. Its convex analog, pro-
jected subgradient descent, has been well studied.
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‘We modify the theory for convex functions minimi-
zation to build the optimization boundary for maxi-
mizing our SP3D network.

The exact values for R and B are problem-dependent.
We will provide tighter bounds for SP3D for video
summarization in the later sections.

Theorem 1. [2,6] For an SP3D concave extension
= n 1 2 1
S:[0,1]" >R, let R? = i?ﬁi"ynz and B* = ig\}zEHg(y)

2
)’

R |2
Algorithm 1 with learning rate 7= g,ﬁ will obtain a
. - — - 2
fractional solution y such that S (y) > r;n&x S(y) - RB\/;,

where T is the total number of iterations. And for
each 0<g¢<1, Algorithm 1 will produce the fractional
solution y such that S(y)>(1- E)%S(y) with run-
ning time O(R?B%7?).

Proof. The RB\/E performance bound is adapted

from [6] and restated for concave functions. The
boundary of T is modified from [2].

4.4.4. Rounding

Rounding is atechnique to obtain a discrete set from a
fractional vector. Given y:[0,1]", we say ¥ is fractional
if any 0 <y, < 1. In the polytope P,, rounding aims to
move from a starting point y inside P, to a vertex of
the polytope. The rounding result y" is the final sum-
mary set generated by the SP3D network. A visualiza-
tion of the rounding step can be found in Appendix B.

The traditional randomized pipage rounding lever-
ages a convex property of the multilinear extension
[2]. Since the convex property is not required in
SP3D, we adopted the deterministic pipage rounding
[26] and simplified it for cardinality constraints. The
detailed rounding methodology is presented in Ap-
pendix D. The time complexity is O(n), and its proof
is shown in Appendix E.

4.4.5. Time Complexity

In this subsection, we present the concave functions
utilized in the SP3D network, i.e, the f_ and f;, in

rep

Subsection 4.2, and compute the running time.

The f,, quantify the coverage of the selected sum-
mary S by the similarity between the S and the in-
putvideo V. In Equation (6), we adopt the Euclidean
norm||V-S||, as the distance function in s. The entry

1-s;;is interpreted as the measure of the similarity.
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frep (S) = Zigv jgsl- Si,j > (6)

The diversity function f,, calculates the similarities
within the summary S by summing up all the pair-
wise distances, as shown in Equation (7).

v (S) = ZieSZjeS,j>i S %)

The following proposition shows that the running
time of the above video summarization network is
O(kne?), and the proofis detailed in Appendix F.

Proposition 2. Let function F be the SP3D network
for video summarization with representativeness
and diversity functions defined in Equations (6)
and (7). The concave extension is F : [0,1]n —R and
k is the cardinality constraint. For each 0 <g¢ <1,
Algorithm 1 will produce the frational solution y
such that g(}_l) 2(1—g)max§(y) with running time
O(kne?). yeM

Here we relate our results with the classical greedy
approach. When solving a submodular function, the
standard greedy is an iterative algorithm that selects
the element with the maximum function value at
each step. The time complexity of greedy is O(nk%¢?),
where O(nk) and O(k) are the time taken for element
selection and a single evaluation of the submodular
function, respectively. Hence, the complexity time
of our optimization method has a factor k speedup
than the greedy method. Since more than 10 frames
are usually selected as summaries to express the
original video effectively, our method is more than
10 times faster than the greedy method.

5. Experiment

5.1. Setup

5.1.1. Dataset

We conduct the experiments on SumMe [24], TV-
Sum [48], YouTube [14] and OVP [45] datasets. The
number of videos in the four datasets is 25, 50, 39,
and 50, respectively. Given the small size of the data-
sets mentioned earlier, our experiment utilizes the
Emotion6 video dataset [52], which contains 3,600
micro-videos. Each dataset contains rich and di-
verse content as follows: SumMe [24] consists of raw
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Table 1
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Comparison of F1 score (%) with state-of-the-art video summarization methods. The SumMe and TVSum datasets are

employed with canonical, augmented, and transfer settings.

SumMe
Method

C A

Submodularity [12] 397 -
dppLSTM [7] 38.6 42.9

G-SUM [39] 431 -
DR-DSN [8] 421 43.9
SUM-FCN [55] 475 51.1

SUM-FCNuns [55] 41.5 -
VASNet [56] 497 51.1
DSNet [57] 51.2 53.3
RSGN [58] 45.0 457
RSGNuns [58] 42.3 43.6
AMF [59] 51.9 54.3
SP3D (Ours) 52.9 56.4

or minimally edited user videos, covering a variety
of events such as holidays and sports. TVSum [48]
collects videos from YouTube representing various
genres. It covers a variety of topics, including news,
how-to guides, documentaries, and user-generated
content, such as vlogs and egocentric videos. You-
Tube [14] contains videos collected from websites
like YouTube. These videos are distributed among
several genres (cartoons, news, sports, commercials,
tv-shows and home videos). OVP [14,45] is a shared
video collection that spans several genres, including
documentary, educational, ephemeral, historical,
and lecture. Emotion6 [52] is a synthetic dataset of
emotional videos using images. Since the images do
not contain facial expressions or text directly asso-
ciated with video summarization, the content of this
dataset is highly diverse and unstructured.

5.1.2. Evaluation Metric

We adopt two popular evaluation metrics: F1 score
and rank correlation coefficients [46]. The F1 score
evaluates the temporal overlap between the pre-
dicted summaries and the human-annotated key
frames, while rank correlation compares the rank-
ing of the importance scores between the created

TVSum

T C A T
41.8 54.7 59.6 58.7

- 52.7 - -
42.6 58.1 59.8 58.9
441 56.8 59.2 58.2

- 527 - -

- 614 62.4 -
476 61.9 62.2 58.0
44.0 60.1 611 60.0
41.2 58.0 59.1 59.7
50.2 63.2 65.6 60.4
50.4 64.1 65.8 58.2

and annotated summaries. Kendall’s T and Spear-
man’s p correlation coefficients are employed as
the rank-based metrics.

5.1.3. Implementation Details

For SumMe, TVSum, YouTube, and OVP datasets,
the frame features are extracted from the Pool 5
layer of the GoogLeNet model, which leverages Im-
ageNet for pre-training. Each frame has a feature di-
mension of 1024. We apply three settings, canonical,
augmented and transfer, to study the performance of
the proposed SP3D network. In the canonical setting
(C), 80% of the given dataset is used for training, and
the remaining 20% is for evaluation. In the augment-
ed setting (A), the training set includes videos from
the other three datasets. For the transfer setting (T),
training is based on the other three datasets, and
testing is performed on the specified SumMe or TV-
Sum dataset. The Emotion6V dataset’s feature di-
mension is 4225, including interestingness features
[23] that are not modular but submodular.

All the parameters used in our network are learned
using AdaGrad optimizer and mean squared error
(MSE) loss. The learning rate is 5x10-° with a weight
decay of 107, In addition, we add a dropout layer with
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a rate of 0.5 to the fully connected layer of the con-
cave convolution network.

For a testing video, we leverage the algorithms in
Subsection 4.4 Optimization to assess the trained
DDL model. The optimizer is AdaGrad, and the
learning rate is calculated according to Proposition
2. We follow the general practice to select video
shots by averaging frame-level scores within a shot.
Our rounding method is based on shot-level scores.

In addition, we use 3x3x1 spatial filters and 1x1x3
temporal filters with convolutional striding of 1x1x1
in CCL. Our SP3D network is implemented under
the PyTorch framework.

5.2. Quantitative Results

The methods, Submodularity [25] and G-SUM [37],
are based on submodular functions. The Submod-
ularity [25] formulated the video summarization
task as a supervised subset selection problem. The
G-SUM [37] built a general video summarization
framework. Both methods cast the problem as mono-
tone submodular functions maximization with a
shallow network structure. The dppLSTM [58] com-
bined the deep network LSTM with non-monotone
submodular function DPP. LSTMs were leveraged
to capture a video’s temporal sequence, and the DPP
improved the diversity of the selected summary sub-
set. Recent studies mainly employ deep networks.
The DR-DSN [62] trained a deep summarization
network with a CNN encoder and a bidirectional
LSTM decoder. In SUM-FCN [47], fully convolu-
tional networks (FCNs) were adopted to indicate if
the corresponding frame was selected as the sum-
mary. The VASNet [20] introduced the self-atten-
tion mechanism and replaced the LSTM network
with a deep regression network. Instead of formu-
lating video summarization as a regression prob-
lem without temporal consistency, the DSNet [63]
detected temporal interest proposals to represent a
video. The RSGN [60] encoded the higher shot-lev-
el dependencies using graph convolutional network
in addition to the lower frame-level dependencies
captured by LSTM. SUM-FCNuns and RSGNuns
are the unsupervised variant of method SUM-FCN
and RSGN, respectively. AMF [54] designed a visu-
al-aesthetics encoder to extract diverse aesthetic
elements and jointly integrate with visual content to
create a comprehensive summary.
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Table 1 shows the results in F1 score. From the table,
our findings are three-fold.

1 Overall, our SP3D network outperforms other
baseline methods in both SumMe and TVSum
datasets, which verifies the effectiveness of our ap-
proach in capturing key information from videos.

2 Thanks to the submodular functions, our SP3D
performs better on the SumMe dataset, which has
more diverse content and is usually more challeng-
ing to summarize. The experimental results indi-
cate that our SP3D narrows the performance gap
between SumMe and TVSum. In particular, the ac-
curacy of the augmented setting under the SumMe
dataset is significantly improved compared to the
canonical setting. It proves the learning capability
of our training methodology.

3 Across the three experiment settings, we see that
the performance enhancement of SP3D is the best
under the canonical setting. It benefits from ex-
acting temporal information and diverse content,
alleviating the difficulties caused by the lack of
annotated data.

To validate the practical usage of SP3D, we conduct
experiment on the Emotion6V dataset, which in-
cludes 3,600 videos. As shown in Table 2, our SP3D
network outperforms other summarization ap-
proaches for user-generated short videos, suggest-
ing SP3D’s feasibility in summarizing micro-video.

Table 2

Comparison of F1 score (%), Precision (%), and Recall (%)
with state-of-the-art summarization methods using the
Emotion6V dataset with a total of 3,600 videos.

Method Flscore Precision Recall
Uniform sampling 52.2 554 49.9
RPCA [60] 50.6 53.6 48.3
BEAC [52] 62.3 63.9 61.1
SP3D (Ours) 65.3 69.2 62.3

Table 3 presents the results in rank-based Kend-
all’s T and Spearman’s p correlation coefficients.
We can clearly observe that our SP3D network con-
sistently attains the best result against the other
methods in both Kendall’s t and Spearman’s p mea-
sures. Since the proposed optimization method up-
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Figure 2
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The qualitative results of SP3D video summaries. The curves denote the generated importance scores, and the grey bars
depict the ground truth scores. The blue bars are selected as final summaries.
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Table 3

Comparison of the rank-based correlation coefficients,
Kendall’s T (K) and Spearman’s p (S), with state-of-the-art
video summarization methods. The SumMe and TVSum
datasets are employed with the canonical setting.

SumMe TVSum
Method

K S K S
dppLSTM [7] - - 0.042 0.055
DR-DSN [8] 0.011 0.013 0.020 0.026
DSNet [57] 0.038 0.044 0.097 0.118
RSGN [58] 0.083 0.085 0.083 0.090

AMF [59] 0.071 - 0.063 -
SP3D (Ours) 0.104 0.126 0.120 0.175

dates the summary subset as a whole, the implicit
ranking of the generated summary is correlated to
the ground truth.

Are the summaries generated by our SP3D more di-
verse than those generated by other methods? Table
4 demonstrates the comparison results. S3[33] is a
summarization method based on shallow submod-
ular functions. MLP [49], DR-DSN [62], and DSNet
[63] are DNN-based summarization methods. MLP

is based on multi-layer perceptrons (MLPs) and
does not use convolutions or self-attention. The
experimental results show that our SP3D outper-
forms both submodular with shallow architecture
and DNNs, especially for the more diverse SumMe
dataset.

Table 4

Comparison of the summary representativeness and
diversity with state-of-the-art video summarization
methods. The SumMe and TVSum datasets are employed
with the canonical setting.

SumMe TVSum

Method
Rep. Div. Rep. Div.
S3[61] 0.52 0.77 0.55 0.81
MLP [62] 0.64 0.51 0.57 0.75
DR-DSN [8] 0.64 0.63 0.63 0.88
DSNet [57] 0.57 0.66 0.61 0.82
SP3D (Ours) 0.66 0.79 0.69 0.90

5.3. Qualitative Results

Figure 2 displays the exemplar video summaries
generated by our SP3D. Video 41 is a sharing of
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the motocross tips on how to whip a motocross
bike. And video 18 describes the process of mak-
ing sausage sandwiches. The displayed frames are
sampled from the generated summaries. We can
easily imagine the main story of the videos, which
demonstrates the effectiveness of our summariza-
tion method. Moreover, the predicted importance
scores are highly correlated with the ground truth
with similar ups and downs. The consistency il-
lustrates the benefit of updating the summary as
a whole during optimization. Specifically, in video
18, we can see that the SP3D is capable of selecting
diverse content. With primary and diversified parts
included, our SP3D can model user-generated vid-
eos well.

5.4. Complexity Analysis

Table 5 demonstrate that SP3D has a significant-
ly reduced number of parameters comparing with
DNNs. In Table 6, we can see that our SP3D optimi-
zation method is over 10 times faster than the tradi-
tional greedy method.

Table 5

Analysis results of network complexity. Number of
network parameters are compared.

SP3D DR-DSN DSNet

13K 2626K 4328K

Table 6
Analysis results of time complexity. Optimization time of
SP3D and greedy are compared.

Method SumMe TVSum
SP3D 4 94
Greedy 65 7184

5.5. Ablation Study

The proposed SP3D network comprises the concave
convolution layers (CCL) and the deep diversity
layers (DDL). We conduct ablation studies in this
subsection to understand the contribution of each
component in our proposed SP3D network. Video
summaries are generated for both SumMe and TV-
Sum datasets. The following settings of SP3D are
considered:
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1) SP3Dccl. To understand the contribution of the
CCL component, we remove the DDL part and eval-
uate the output of the CCL intermediate frame subset
straightly. The parameters learned in the full SP3D
model are utilized to ensure comparable performance.
We report the evaluation results on the F1 score and
Kendall’s 1. 2) SP3Ddd]. This ablation model retains
only the trained DDL component. The CCL parame-
ters are assigned by random. Other implementation
settings are similar to the SP3Dccl with CCL replaced
by DDL. 3) SP3Dwot. We keep the full SP3D model
here but ignore the training stage. The parameters in
the network are randomly assigned when the module
is initialized. It will help us understand the benefit of
the proposed learning methodology. 4) SP3Dgre. The
conventional optimization procedure for submodular
functions is greedy. This paper develops the optimi-
zation framework based on projected gradient ascent
(PGA) to generate a summary. Here we employ the
greedy algorithm to verify the effectiveness of the
optimization framework. The optimization uses the
trained SP3D full model.

Table 7 reveals that SP3D full model performs best,
indicating the effectiveness of our algorithm. The
SP3Dccl model achieves almost comparable F1
scores but negative rank-based correlation scores.
It suggests that the CCL block captures the intri-
cate 3D information for F1 score evaluation while
the DDL unit optimizes the rank-based correlation.
Further study SP3D2D retains only the 2D spatial
convolution in CCL. The model’s performance drops
on both datasets, which validates the importance of
the temporal dimension in video summarization.
The results of SP3Dnonsub demonstrate the disad-
vantage of removing submodularity. Both the F1 and
Kendall’s T scores decline significantly. The dimin-
ishing returns property of a submodular function
helps keep the summary subset compact and repre-
sentative. The results of SP3Dwot and SP3Dgre in
Table 7 demonstrate the effects of our training and
optimization process, respectively. Without train-
ing, the performance of SP3Dwot is not so good as
the trained model, especially for the more diverse
SumMe dataset. From the results of SP3Dgre, we
can find that the greedy optimization approach re-
duces the performance, which validates that our
proposed optimization framework is crucial to get
an optimized summary.
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Table 7

Comparison of F'1 score (%) and Kendall’s t for SP3D
variation models on SumMe and TVSum datasets.

Dataset Method Flscore Kendall’st
SP3Dccl 49.9 -0.00168
SP3Dddl 514 0.0979
SP3Dwot 34.8 0.0122
SumMe SP3Dgre 46.6 0.0746
SP3D2D 478 0.0885
SP3Dnonsub 417 0.0181
SP3D 52.9 0.104
SP3Dccl 62.8 -0.0229
SP3Dddl 64.1 0.0866
SP3Dwot 59.5 0.0166
TvSum SP3Dgre 52.3 0.0514
SP3D2D 63.1 0.0788
SP3Dnonsub 46.6 0.0236
SP3D 64.1 0.12

6. Conclusion

This paper proposes a novel submodular pseudo-3D
network (SP3D) for micro-video summarization. It
satisfies the submodular property and has adeep net-
work structure like deep neural networks (DNNs). A
learning and optimization framework is developed
to train and assess the SP3D network efficiently. Ex-
tensive experiments demonstrate promising results.
Currently, our model utilizes only visual features.
Although the visual feature is the most important
part of micro video summarization, leveraging other
modalities will help improve the summarization ef-
ficiency. In the future, we would like to improve the
model to accept multimodal inputs, like textual and
acoustic modalities.

Appendix A

Here is the proof of Proposition 1.

Proposition 1. SP3D is a deep submodular function.
The DSF concave extension S:[0,1]" — R is a con-
tinuous extension of SP3D and is concave.
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Proof. We prove that the SP3D is a deep submodu-
lar function as the concave extension of a DSF was
claimed in [5] and proved in Theorem 1 of [2].

Let us begin by understanding the convolution op-
eration. The 2D discrete convolution is defined as
(341 (K*1)(i,j)=2., 2., 1(i-m,i-n)K(m n), where
K eR™" is a two-dimensional kernel, / denotes the
input array, and (i,j) is the point where the convolu-
tion operation is performed. The 1D discrete con-
volution is a special case of 2D with m or n equal
to 0. The convolution operation is a weighted aver-
age, and it can also be taken as a modular function
2™ 5 R, for each output point. Since modularity
follows in the composition of modular functions, the
Conv3D function defined in Definition 1is a modular
function.

In F3D("), the w,Conv1D(-) can be considered as the
weighting for f(-). Then the combination of (w,F-
3D(w,Conv3D(+))) is a submodular function accord-
ing to the SCMM definition that SCMM is Sums of
Concave over non-negative Modular plus Modular.
Applying Theorem 54 from [5], the w,G3D(w,F-
3D(w,Conv3D(+))) is a monotone non-decreasing
submodular function. Using induction, we know
that the Definition 1 is a submodular function and
satisfies the DSF architecture. Therefore, it has a
natural concave extension by replacing the discrete
variables with real values.

Appendix B

Here is the visualization of the optimization algo-
rithm. The general framework mentioned in Sub-
section 3.1 includes a continuous extension, the
projected optimization procedure, and the resulting
solution after rounding. As presented in Algorithm
1, the optimization procedure involves the iteration
of supergradient ascent and projection for T times.
In each iteration, the starting point y' is updated
to y"!? using the supergradient ascent in Equation
(7). Since the updated point y*'? may not satisfy
the constraints, we project it back to the constraint
space P, via finding the closest point yt+1 € P, thatis,

t t+1/2(|2
2

y + arg min%"x -y . The projected point y™!
xePy

lies in the polytope P, and will be the starting point
of the next iteration.
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Figure A1

Theillustration of the optimization procedure and rounding

technique under the polytope P, y* is updated to y*""/ using

the supergradient ascent. y*"? is projected to the polytope
1 +

via finding a point y"! € P, that y"' —argmm Hx y! ”ZHZ

Rounding moves the fractional solution y to a vertex of the

polytope P,.

t+1/2
ye i
Xz 4
Projection
Supergradient
Ascent (0,1,1)
\
1,0,1 L
( ) t+1
‘ Y
Ve
g [ ] Xy
/ »
Rounding P2

*(1,1,0)

Xy

Assuming that the constraint polytope in Equa-
tion (1) has n =3 and k = 2, then the polytope
P, {xeR3 |ZX =2,0<x } And the above op-

timization procedure is 111ustrated in Figure Al.
The plane in purple is the polytope P,. The opti-
mization starts with y' on P,. The updated y"'? is
outside of the polytope. Then we have projection to
find a closest point, y**!, on P,. And the next itera-
tion starts from y*'.

The rounding step is also visualized in Figure Al.
Unlike the optimization process, rounding performs
only once after the optimization iterations. It aims
to move the optimized fractional result y from in-
side the polytope P, to y", a vertex of the polytope.
The optimized summary setis (1,1,0) in Figure Al.

Appendix C

Below is the proof of the projection time complexity.

Leveraging the Lagrange multiplier 1 > 0, we can re-
write the expression of y*! as shown below:
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v —argmm—"x y“m" +/1 ZX k) ®

xe[01]"

Solving the above function with regard to x gives for
eachi€[n]:

X -y 2+ 2=0. ©

Then the optimal solution is: y;~ _yit+1/2_/1 and

yi" €[0,1]. Thatis yi™" = m(O yiz . /1,1). The func-
tion m() returns the median of inputs as shown below:

0, if y"?-21<0
(O ym/z 1,1)= y:+1/z A,if y“”2 A 6[0,1]. (10)
1, ify"?-1>1

Now let us compute the value of 1. For each 1 € , define:

f(4) z mm{max{y“”2 /1,0},1}. 1)

Note that f(4)=0 if A>y e ) > y#12 Since
f(1) decreases as A increases, without loss of gener-
ality, we assume that y, /> <y'"? <...<y"? jg a
non-decreasinglist. By the method of linear interpo-
lation, we know that:

n-l 4172
Zi=i yi -k
==t (12)
n-i,

where i, is the maximum index i such that f(y}""?)>k.
The sorting operation can be performed within the
time O(n log n), and the linear interpolation can be
solved in O(n). Thus, the overall time complexity is
O(nlogn).

Appendix D

The detailed rounding methodology is presented
here. For a given fractional y and i,jeN, we define
vij(¢) as the vector obtained by adding ¢ to y; and
subtracting ¢ from y; and leaving the other values
unchanged. We let & = (-1)*min{y,l-y;} and & =
min{1-y,y;}. The detailed rounding methodology is
presented in Algorithm Al below.
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Algorithm Al Deterministic Pipage Rounding for SP3D with
Cardinality Constraint

Require: SP3D concave extension S, fractional y.
Ensure: integral y*
While y fractional do

Select fractional i,j from y

If g()’i,j (g+ )) > é(ym. (g' )) then

v =yu(e)
else
Y =yul#)
end if
end while

Appendix E

‘We prove that our proposed rounding method can be
finished in O(n) time.

Proof. The proof is similar to the one in [29], mod-
ified for the deterministic pipage rounding rath-
er than the randomized rounding. The inequality
E(g(y* )) > 5(57) holds as the SP3D is monotone
non-decreasing and in each step we takes the more
profitable direction.

Appendix F

Here is the proof of Proposition 2.

Proposition 2. Let function F be the SP3D net-
work for video summarization with representative-
ness and diversity functions defined in Equations
(6) and (7). The concave extension is F: [01]" >R
and k is the cardinality constraint. For each 0 <e<1,
Algorithm 1 will produce the fractional solution y
such that §(y) > (1- 8)m%/)1(§(y) with running time
O(kng'2 ) YE

Proof. We begin by bounding the value of R% In our
case, the polytope is a family of the subsets with
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rank k. According to the definition of R? in Theorem

1, R?= sup%”}znz = % as the vertex of the polytope y,
yeM

has exactly k ones, i.e., y, €(0,1)" and Z;yv‘ =k
Next, we bound the value of B2 Since F is con-

cave, the supergradient of F is 2(y,)., Where vy, is
the smallest non-negative vector on the polytope.

For arbitrary coordinates e,, e,, g(yo )01 < Do g
1 g (yo )e2 a)min
B2 = —_— 2 g a)max
sup- ls(v)l, o "8(%). 21

The upper bound of g(y,). is closely related to the in-
put video x, and the submodular functions used in
the model. The submodular functions Equation (6),
and (7) are based on Euclidean distance. For the rep-
resentativeness functions f_(S), the supergradient
is (-1)Ax,,, y, where Ax_ is the minimum difference
between the feature values of video V. For the di-
versity functions fj; (S) the supergradient is Ax,,.y,,
where AXx,,,, is the maximum difference between the

feature values.

Then in Theorem 1, R? =§ and B SZ—m“Xng(yO)

min

N
Where g(yO)e = AXmaxyO _AxminyO’ wmax and wminare the

largest and smallest element in the first weight
layer, respectively. Since o ,,, ®,.., and g(y,). do not
change the computation time, the time complexity
of B? is O(n). Therefore, the overall running time
is O(kne?).
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