Contextual Correspondence Matters:
Bidirectional Graph Matching for
Video Summarization

Yunzuo Zhang and Yameng Liu

Shijiazhuang Tiedao University, Shijiazhuang, 050043, China
{zhangyunzuo888,1iuym4647}0@sina.com

Abstract. Video summarization plays a vital role in improving video
browsing efficiency and has various applications in action recognition and
information retrieval. In order to generate summaries that can provide
key information, existing works have been proposed to simultaneously
explore the contribution of both long-range and short-range temporal
cues. However, they rarely consider the potential correspondence between
temporal cues at different granularity within video sequences, making
it insufficient to ensure detailed video understanding. In order to solve
this issue, we propose a novel video summarization framework, namely
Bgm4Video, based on the graph-matching mechanism, which models the
potential contextualized relationship across multi-granularity temporal
cues. The proposed framework is composed of two dominant components
including (i) a temporal encoder (TE) that explores both coarse-grained
and fine-grained contextual information within videos and (ii) a bidirec-
tional graph transmission (BGT) module that models the interrelation-
ship across multi-granularity temporal cues. By grasping the contextual
correspondence, our method allows for further refining temporal repre-
sentations to precisely pinpoint valuable segments. We demonstrate the
advantage of our components through an extensive ablation study. We
also evaluate our full approach on the video summarization task and
demonstrate improvements over state-of-the-art on the popular bench-
marks.
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1 Introduction

In the age of digital media, the exponential growth of video content has ushered
in an era where we are inundated with vast amounts of visual information. With
the proliferation of mobile devices and the rise of platforms like YouTube, the
daily influx of videos has reached staggering proportions [15]. This deluge of
content has created an urgent demand for innovative solutions to help users
efficiently navigate and comprehend this massive video overload [13}16}/62].
Video summarization has emerged as a compelling answer to this challenge.
By identifying and removing redundant or less informative content, video sum-
marization allows users to swiftly grasp the most crucial information, making it
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Fig. 1: Comparison between existing methods and Bgm4Video. Different from existing
methods (a) and (b), our method (c) considers the contextual correspondence across
multiple frames.

an invaluable tool for various applications, from content consumption to infor-
mation retrieval [32], surveillance [52,/53|, and beyond.

Early, traditional methods [6}[23][28,/39] primarily rely on low-level visual
or audio features, making them less effective in capturing complex contextual
information and the true significance of the content [20]. Thanks to the power-
ful representation capability of deep learning 51|, modern methods come to be
developed. Long short-term memory (LSTM) [12] is usually adopted to enrich
appearance features with contextual information. Although LSTM has achieved
certain performance, the performance often falls short of expectations when deal-
ing with a large number of frames [57]. To address this problem, some hierarchical
structures [54,56,(57,/59,61] are proposed, where local contextual information is
modeled before learning global temporal cues. They usually segment the entire
video sequence into subsequences, which serve as local modeling units and the
basis for learning long-range contextual information [8]. However, this either in-
troduces too much noise or discards too many valuable characteristics due to
inappropriate sequence segmentation [59].

On the other hand, there exist contributions [1,[17] that adopt a parallel
modeling approach, where long-range and short-range contextual information
is aggregated through independent pathways, using a pre-set segmentation pa-
rameter. However, they ignore the potential correspondence between temporal
cues at different granularity. Simple fusion strategies make it difficult to ensure
detailed video understanding. Also, due to the presence of the segmentation
hyperparameter, the generalization performance is also of concern.

Inspired by the intuitive choice of modeling long-range and short-range con-
textual information of self-attention |42] and temporal convolution [14}[36], as
well as the fact of the excellent performance of the graph to explore sophisticated
structural information [3450|, we develop a novel framework termed Bgm4Video
to address video summarization. As depicted in Fig. [1} our method allows for
learning wide contextual correspondence between and within coarse-grained and
fine-grained temporal cues after robustly modeling the global and local contex-
tual information of the video sequence, thereby facilitating the aggregation of
more powerful contextualized representations.

More specifically, as depicted in Fig. [2| our architecture consists of two key
components including a temporal encoder (TE) and a bidirectional graph trans-
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Fig. 2: Overview of the proposed method. The model first takes a video as input and
extracts visual features using a pre-trained visual backbone. Our temporal encoder
aims to aggregate coarse-grained contextual information X, and fine-grained contex-
tual information Xl(i) (i = 1,2). BGT performs context refinement in the context
representation spaces by estimating the correspondence across multi-granularity con-
textual information. Lastly, our method predicts important scores given the output of
BGT and generate video summaries.

mission (BGT) module. Our TE simultaneously aggregates global and local con-
textual information with the combination of self-attention and temporal convo-
lution scheme, allowing for capturing rich and finer temporal cues using multiple
convolution operators for accurate video understanding. BGT adopts the graph
modeling scheme, which builds communication paths across graph nodes with
similar contextual semantics and performs message passing.

Our contributions are summarized as follows:

(1) We reflect on the potential contextual relationships across temporal cues
at different granularity, proposing a novel architecture namely Bgm4Video, which
addresses the refinement problem of contextual information by resorting to a
graph-matching approach. (2) We propose a bidirectional graph transmission
mechanism, which enables comprehensive as well as effective message passing
across multi-granularity temporal cues for grasping long-range content under-
standing. (3) We conduct comprehensive experiments, showing the effectiveness
of our framework by achieving performance on par or better than state-of-the-
art on standard datasets, showing significant improvements over previously pub-
lished methods on the SumMe ﬂg' and TVSum datasets.

2 Related Work

2.1 Video Summarization

Creating excellent video summaries has remained a continual challenge, prompt-
ing researchers to investigate numerous promising methods over the years. The
existing approaches can be broadly categorized into two groups: traditional

methods @@, which rely on conventional techniques, and deep
learning-based methods which harness the power

of neural network models.
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Traditional techniques typically employ unsupervised learning paradigms
to identify and curate key frames or shots that encapsulate the core content.
Cluster-based approaches |5,/6] represent an initial and straightforward approach
to video summarization. In this approach, the aim is to cluster visually similar
frames or shots and designate their centers as representative summaries of the
original content. On the other hand, dictionary learning falls within the domain
of unsupervised techniques, involving the selection of representative elements
from the video to construct a summary dictionary capable of accurately recon-
structing the content |29]. Nevertheless, the performance of these traditional
methods remains suboptimal due to their limited representation capability, un-
derscoring the necessity for deep learning methods.

Thanks to the success of deep learning, researchers have shifted their focus
towards modern video summarization frameworks, which can be further catego-
rized into three types: unsupervised methods, weakly supervised methods, and
supervised methods. Unsupervised methods revolve around formulating criteria
to measure representativeness and diversity [26149,(50156,/60]. Weakly supervised
methods typically summarize videos by utilizing potentially valuable informa-
tion related to the videos [3]. In contrast, supervised methods leverage manual
annotations to aid in learning effective representations and often achieve supe-
rior performance [62]. To attain a comprehensive understanding of videos, many
works take into consideration both global and local contextual information. Some
hierarchical structures, such as HSA-RNN [59], LHMA [61], and RSGN |[56],
have been developed. They first model short-range temporal cues with shots
and then learn long-range temporal cues within videos. However, these methods
are susceptible to the negative impact of imprecise sequence segmentation |35].
While some methods [17] adopted parallel modes of learning features globally
and locally, respectively, they struggle with generalization due to predefined seg-
mentation hyperparameters. This paper presents a supervised summarization
method without sequence segmentation with contingency, demonstrating effec-
tive generalization performance when processing various types of videos.

2.2 Graph Matching

Graph matching is a fundamental problem in graph pattern recognition, with
the objective of identifying node correspondences between different graphs [2].
With the capability of Graph Neural Networks (GNNs) [37] to encode structural
information in graphs, there has been a recent emergence of approaches that
leverage GNNs to tackle the graph-matching problem. For instance, Li et al. [24]
introduced a GNN-based graph-matching network to represent graphs as feature
vectors, simplifying the measurement of their similarity. Li et al. |21] proposed a
framework to address domain adaptive object detection, where the domain gap
is reduced using graph matching. Wang et al. [43] formulated the image-text
retrieval task as cross-modal scene graph matching. Cheng et al. [4] proposed a
cross-modal graph matching network to achieve image-text retrieval. Soldan et
al. [38] also presented a graph-matching framework to address the video ground-
ing task, where the connectivity between video snippets and tokens is learned
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using graph representation. Inspired by these works, we draw upon the funda-
mental concept of graph matching to learn potential semantic correspondences
among contextual information within videos. Our approach specifically realizes
a bidirectional graph transmission mechanism.

3 Methodology

3.1 Preliminary

Problem Definition and Overview. Given a video, our objective is to out-
put a subsequence set, each composed of several consecutive video frames. This
is challenging as it requires accurate content understanding by modeling rich
contextual information within videos where these videos might have thousands
of frames. The learning of powerful contextualized representations is the major
focus. To address this issue, we propose a novel summarization framework based
on the graph-matching mechanism, which allows for learning powerful temporal
cues by modeling the potential contextual relationship across multi-granularity
temporal cues. Fig. [2| shows the overview of the proposed summarization frame-
work. In particular, our temporal encoder (TE) models both coarse-grained and
fine-grained contextual information with the combination of self-attention and
temporal convolution scheme. Our bidirectional graph transmission (BGT) mod-
ule adopts the graph modeling approach to build communication paths and per-
form message passing.

Standard Attention Mechanism. This part briefly reviews the standard at-
tention mechanism. Mathematically, the attention matrix 9 € RMa*Ne is de-

fined as ¥ = softmax (%); Q = QW, K = K,Wj, where Q € RNaxD

and K € RY*P are linearly projected from the query @Q; € RN+*P and
key K; € RNexD_ The refined features V. € RNeXP can be computed via
V =9VW,; V = V,W,, where the value V; € RNCXD.W{q,k,W,} € RP*P indi-
cates linear transform weights. Ny, .y denotes the length of tokens. To simplify
descriptions, we define notation Ay to get V formed by V= A (Qu; Ky Vb).

3.2 Feature Extraction

In order to ensure a relatively fair comparison with state-of-the-art methods
[18,119, 48,54}, 56,|60], we follow previous methods and use the output of the
penultimate layer (pool 5) of the GoogLeNet [40] pre-trained on ImageNet [7]
to represent the visual content of each frame within videos, denoted as X =
[x1, o, ...,x7] € RT*P where T and D denote the duration of the input video
and the dimension of visual features, respectively. These features are then used
to capture contextual information described in Sec.

3.3 Temporal Encoder

Temporal cues play a pivotal role in the comprehension of videos [25}27,[46].
Modeling the entire video sequence offers a high-level overview of the storyline
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Fig. 3: Illustration of TE, which consists of a coarse-grained branch (achieved by mod-
eling the relationship across frames) and a fine-grained branch (achieved by multiple
temporal convolution operators) to aggregate long-range temporal features X, and
short-range temporal features X l(l) and X Z(Q), respectively.

while focusing on local sequences allows for an effective analysis of detailed
information within specific time segments. To this end, we introduce TE, as
shown in Fig. [3] comprising a coarse-grained branch and a fine-grained branch
to consolidate global and local contextual information, respectively.
Coarse-grained Branch. The effectiveness of long-range modeling and compu-
tational efficiency can be assessed by considering the maximum path length and
the minimum number of sequential operations [1,/42]. In both of these aspects,
the self-attention mechanism offers significant advantages over LSTM. When it
comes to capturing global temporal cues X, = [x{,2z3,...,2%] € RTXD e
employ self-attention to obtain responses at all positions in only one step, sig-
nificantly avoiding the sophisticated iterative aggregation process of recursive
structures. Technologically, the coarse-grained branch starts from projecting X
into representation spaces X, € RT*P X, € RT*P and X, € RT*P followed
by pairwise attention computation and feature aggregation, as described in Sec.
[B:I) when the query, key, and value matrices are identical. Simply put, we define
this branch as follows:

X, =M (X5 X5 X) (1)

Fine-grained Branch. When it comes to local information, our approach places
a strong emphasis on modeling temporal cues within tiny windows to gain a de-
tailed understanding of the video storyline. We specifically opt for temporal
convolution as our fine-grained context aggregator, inspired by the proven track
record of excellence in extracting local features within the realm of computer vi-
sion |10]. We opt to specify more than one window size to capture more valuable
information from input videos. To strike a balance between summarization ef-
fectiveness and the number of parameters, we set the size of local aggregators as
{k1 = 3, ky = 5}, as most contributions choose, and employ depth-separable con-
volution [45] to reduce the computational burden. Technically, the fine-grained
stream commences with the projected matrix X, to model short-range con-
textual information within the same representation latent space as the coarse-

grained branch. The aggregated result Xl(i) = [mll(i),ml;), e ,a:é,(f)} e RVxP
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Fig. 4: Illustration of BGT. It aims to capture the potential relationship across multi-
granularity contextual information within videos. BGT consists of two stages including
(i) relationship estimation that is used to build passing pathways while generating
correlation scores and (ii) context transmission that achieves feature aggregation by a
bidirectional transmission mechanism.

according to k; (¢ = 1,2) can be defined as:
X" = PConv(DConv ) (X,)) (2)

where PConv(-) and DConv(-) denote the pointwise and depthwise convolution.

3.4 Bidirectional Graph Transmission

Coarse-grained temporal features X, and fine-grained temporal features X l(z)
(i = 1,2) learned by our temporal encoder meet and interact at the bidirec-
tional graph transmission (BGT) layer. This layer aims to refine the obtained
contextualized representations as well as grasp long-range video understanding
comprehensively. It does so by modeling the potential contextual relationships
across temporal cues at different granularity. Our core idea is that similar events
might occur repeatedly in a video sequence. To this end, information exchange
between contextual features at different positions is conducive to a comprehen-
sive grasp of the storyline. The illustration of BGT is shown in Fig. @] which can
be divided into two stages including (i) relationship estimation and (ii) context
transmission.
Relationship Estimation. Given the aggregated coarse-grained contextual in-
formation X, and fine-grained contextual information X l(l) (i =1,2), we con-
struct their contextual relationship leveraging the k-nearest neighbors algorithm.
In order to prevent the loss of generality, we use X, and X l(l) to explain the
process in a detailed manner. Technologically, we first model bidirectional pair-
wise similarity relationships w? %l(l), wﬁm_W € RT across i-th context and other
contexts, leveraging the Ly-norm function v(g1,92) = [|g1 — g2||5, defined as:
w7 =yt =127} (3)

i0%y
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wi(l)%g — {,y(wi(l)’wjg)lj =1,2,... 7T} (4)

The most similar temporal cues are established by performing the top-rank
operator on these nodes, formed by

177" = toprank(w? """ L) (5)

3

Ifm_“’ = top—rank(wﬁm_W, L) (6)

where I? -1 and I f =g are the index sets, which select the positions that are
similar to the current position. L is the number of neighbors. L is used to control
the number of neighbor nodes.

Context Transmission. Subsequently, for each direction, BGT adopts the
Softmax function to normalize corresponding scores according to the select po-
sitions, which are used to adaptively achieve context aggregation. Then, we sum
temporal features up by weighting, followed by a residual connection to perform
information exchange. With bidirectional aggregation features, based on their
summation, BGT adopts convolution using a split-transform-merge strategy [44]
to further refine features. At this point, only the description of the information
exchange between coarse-grained features X, and the first fine-grained features

X 1(1) is provided, and the same operation is also applied between X, and X 1(2) as

well as X l(l) and X 1(2). We conduct experiments to demonstrate the effectiveness
of this thinking in Sec. [

3.5 Summarization Generation

Given the output of BGT, we perform element-wise summation between it and
features X to retain original visual information. Subsequently, our prediction
head, formed by Linear — ReLU — Dropout — LayerNorm — Linear —
Sigmoid, predicts frame-level importance scores S = [s1, s2, ..., s7]. Following
previous works [48], shot-level scores are computed by averaging frame-level
importance scores within detected shots obtained by the KTS algorithm [35].
Next, according to a length percentage threshold (e.g., 15% of the total length),
Bgm4Video generates video summaries by defining a 0/1 knapsack problem and
addressing this using dynamic programming.

3.6 Network Training

To measure the difference between the ground truth scores and predicted scores,
we adopt the mean-square error (MSE) as our objective function £ to iteratively
optimize the model parameters during the training process. The form can be
written as:
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Table 1: Characteristics statistics of the SumMe [9], TVSum [39], OVP [6], and
YouTube [6] datasets.

Dataset |Number of Videos|Number of Users|Annotation Type Duration of Videos

Min Max Avg

SumMe |9] 25 15-18 importance score 32s 5min 24s 2min 26s
TVSum [39| 50 20 importance score|lmin 23s 10min 47s 3min 55s
OVP |[6] 50 5 key frame 9s 9min 32s 1lmin 38s
YouTube 6] 39 5 key frame 46s 3min 29s 3min 16s

T

1 2

£0)= 7> w) @

i=1

where 0 is the parameters. s; and y; are the predicted human-created importance
score of i-th frame, respectively.

4 Experiments

We conduct experiments to verify the effectiveness of our method. We first pro-
vide a detailed introduction to the experimental settings, including the dataset,
implementation details, and evaluation metrics. Then, we compare the exper-
imental results of the proposed method with existing methods under different
evaluation manners. Then, we conduct ablation experiments to verify the impact
of different modules. Finally, we provide some visualization results.

4.1 Experimental Settings

Datasets We evaluate our method on two benchmark datasets including SumMe
[9] and TVSum [39]. The SumMe dataset consists of 25 videos depicting vari-
ous events, such as food and sports, and each video is annotated by at least
15 users. The duration of each video ranges from 1 to 6 minutes. The TVSum
dataset comprises 50 videos from 10 categories, with each video annotated by
20 users. The duration of the videos varies from 2 to 10 minutes. In addition, we
employ YouTube [6] and OVP [6] to augment our training data. The detailed
information of used datasets is summarized in Table [1l

Implementation Details Following previous methods [19}/48,|60], videos are
sub-sampled at 2fps to reduce temporal redundancy in advance, as the visual
content of adjacent frames is extremely similar. The number of neighbors L is
set to 3. The framework is trained by Adam for 300 epochs with batch size 1
and a learning rate of 5x10~°. The same as [19], we adopt standard 5-fold cross-
validation to ensure that each video participates in the testing procedure, and
thus generates more reliable experimental results.
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Table 2: Comparisons with other state-of-the-art methods on the SumMe and TVSum
datasets under the standard evaluation setting in the F-score (%) evaluation. We also
present the number of parameters (M) and the test method of different contributions.

Method ‘SumMe T‘T\/Sum T‘Params H Evaluation
ERSUM |22] 0.431 0.594 - -
MSDS-CC [31] | 0.406 0.523 - -
vsLSTM [48] 0.376 0.542 2.63 5 Random

dppLSTM |[48] | 0.386 0.547 2.63 |5 Random
SUM-GAN |[30]| 0.417 0.563 295.86 |5 Random
DR-DSN [60] 0.421 0.581 2.63 5 FCV
SUM-FCN [36]| 0.475 | 0.568 | 36.58 |M Random
HSA-RNN [59] | 0.423 0.587 4.20 5 Random
ACGAN [11] " | 0472 | 0594 | 3151 | 5FCV

CSNet [17] 0.486 | 0.585 - 5 FCV
AVRN [55] 0.441 | 0.597 - 5 Random
RSGN [56] 0.450 | 0.601 - 5 Random
LMHA |61] 0.511 0.610 - 5 Random
HMT |58 0.441 | 0.601 - 5 Random
VJIMHT [19] 0.506 | 0.609 | 35.44 | 5FCV
Bgm4Video | 0.517 | 0.612 | 7.62 | 5FCV

Evaluation Metrics Following state-of-the-art methods [19,48}[57L|59H61], we
first report the F-score performance on the SumMe and TVSum datasets, which
is defined as:

overlapped duration of F,, and Fj,

Precision —

recision duration of F), (8)
overlapped duration of F, and F},

Recall = 9

eea duration of F}, )

Foscore — 2x Precision x Recall (10)

Precision + Recall
where F,, and Fj, represent the predicted and annotated summaries, respectively.
Based on the limitation of the F-score evaluation [33|, we follow previous
methods [19,[56L[58] and report correlation coefficients including Kendall’s 7 and
Spearman’s p for further evaluating our method. They are used to measure the
agreement between predicted scores and annotated scores by humans and make
the superiority of the proposed method more reliable.

4.2 Comparisons with State-of-the-Arts

In this section, we compare our approach to state-of-the-art methods in the video
summarization task. The comparison results in the F-score evaluation are first
reported, which is followed by the results in the rank-based evaluation.
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Table 3: Comparisons with other state-of-the-art methods on the SumMe and TVSum
datasets under canonical (Can.), augmented (Aug.), and transfer (Trans.) settings in
the F-score (%) evaluation.

SumMe T TVSum 71
Can. Aug. Tran.| Can. Aug. Tran.

vsLSTM [48] |0.376 0.416 0.407 |0.542 0.579 0.569
dppLSTM [48] | 0.386 0.429 0.418|0.547 0.596 0.587
SUM-GAN |[30]|0.417 0.436 - |0.563 0.612 -

DR-DSN [60] |0.421 0.439 0.426|0.581 0.598 0.589
SUM-FCN |[36] | 0.475 0.511 0.441|0.568 0.592 0.582

Methods

HSA-RNN [59] [0.423 0.421 - [0.587 0.598 -
CSNet [17] 0.486 0.487 0.441|0.585 0.571 0.574
AVRN [55] 0.441 0.449 0.432|0.597 0.605 0.587
RSGN |56 0.450 0.457 0.440 |0.601 0.611 0.600
LMHA [61]  [0.511 0.521 0.454|0.610 0.615 0.551
HMT [58] 0.441 0.448 0.601 0.603 -

VIJMHT |[19] 0.506 0.517 0.464 |0.609 0.619 0.589
Bgm4Video ‘0.517 0.541 0.469|0.612 0.617 0.574

Comparisons in F-Score Evaluation Comparison Under the Standard
Setting. We compare our method with previous works in the widely-used F-
score evaluation under the standard evaluation setting and the results are shown
in Table 21

From the reported values, we can observe that our Bgm4Video achieves an
extremely comparable summarization performance. Compared with previous hi-
erarchical frameworks such as HSA-RNN [57], HTM [58|, RSGN [56], LMHA [61],
our method adopts parallel modeling approach to capture both global and lo-
cal temporal cues, effectively avoiding the negative impact caused by inaccurate
sequence segmentation. Compared with CSNet [17] that adopts the parallel mod-
eling manner, our method outperforms them, which might be attributed to the
better generalization performance due to not requiring manual specification of
the number of segments in our framework. Moreover, the parameters of some
methods are also displayed and Bgm4Video achieves a good trade-off between
the F-score and parameters.
Comparison Under Other Evaluation Settings. We further conduct exper-
iments under the augmented and transfer settings on the SumMe and TVSum
datasets along with additional OVP and YouTube datasets, as illustrated in Ta-
ble 3] We can observe that Bgm4Video achieves an encouraging performance.
Specifically, our method achieves state-of-the-art performance in some of these
settings, while the results obtained in other settings are not satisfactory. We
believe that there may be overfitting during the training process, which also
indicates the necessity of enhancing the scalability and transferability of the
model.
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Table 4: Comparisons with other state-of-the-art methods in the rank-based evalua-
tion. This experiment uses the TVSum [39] dataset under the standard setting.

Method ‘Kendall’s T T‘Spearman’s p T
Random |[33| 0.000 0.000
Human [33] 0.177 0.204
dppLSTM [48] 0.042 0.055
DR-DSN [60] 0.020 0.026
HSA-RNN [59] 0.082 0.088
AVRN [55] 0.096 0.107
RSGN [56] 0.083 0.090
HMT |58] 0.096 0.107
VJMHT |[19] 0.097 0.105
Bgm4Video |  0.169 0.221

Table 5: Ablation study on context granularity.

Granularity Settings

Exp. Coarse only Fine only ‘ SumMe ‘ TVSum
1 v 0.487 0.597
2 v 0.511 0.605
3 v v 0.517 0.612

Comparisons in Rank-based Evaluation We compare our methods with
state-of-the-art methods using the rank correlation coeflicients, Spearman’s p
and Kendall’s 7. The results are shown in Table [l

As can be seen, our method outperforms existing methods to a large extent,
which means the proposed method can model the relative importance among
frames more accurately than previous works. The experimental results in this
more reliable evaluation metric provide strong evidence of the effectiveness of
our method.

4.3 Ablation Study

Our framework consists of two dominant components including a temporal en-
coder and a bidirectional graph transmission module. To demonstrate the effec-
tiveness of each part, we conduct an ablation study, which can be seen in the
following.

Study on Granularity. As mentioned in prior parts, coarse-grained and fine-
grained contextual information plays a crucial role in video understanding. To
this end, we check their contributions in summarizing videos, as shown in Table
Coarse (Coarse-grained Branch) only and Fine (Fine-grained Branch) only
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Table 6: Ablation study on transmission direction.

Direction Settings
Forward only  Backward only

1 v 0.502 0.608
2 v 0.507 0.608
3 v v 0.517 0.612

Exp. ‘ SumMe | TVSum

Table 7: Ablation study on transmission position.

Position Settings

SumMe | TVSum
XX Xeox®  xMex®

0.508 0.604

v 0.510 0.607
v v 0.514 0.610
v v 4 0.517 0.612

indicate that the framework only contains coarse-grained and fine-grained con-
textual information. As can be seen, the summarization performance achieves
the best while coarse-grained and fine-grained temporal information are simul-
taneously enriched into visual features (Exp. 3). This is because they allow for
providing more valuable information for video understanding.

Study on Transmission Direction. To verify the effectiveness of the bidi-
rectional transmission mechanism in BGT, we conduct ablation experiments to
effect of unidirectional transmission. As Table |§| displays, our framework (Exp.
3) using the bidirectional transmission (simultaneously including forward and
backward transmission) achieves the best video summarization performance, val-
idating the necessity of comprehensive message passing from two directions.
Study on Transmission Position. We explore the impact of BGT when ap-
plied in different positions to verify the positive role of our graph-matching
mechanism in information transmission. The experimental results are shown in
Table [7} where (for example) Xg<—>Xl(1) denotes BGT is adopted between X,

and X 1(1)7 otherwise use summation for information exchange. We can conclude
that our full architecture clearly outperforms other situations, which proves the
advantage of BGT in video understanding by information transmission across
multi-granularity contextual information.

4.4 Visualization

To visually demonstrate the effectiveness of our approach, we present qualitative
results of Bgm4Video in Fig. [5}] These examples show that our method excels
at identifying the most significant shots, as indicated by their high-importance
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Fig. 5: Qualitative results. We show some qualitative examples on the TVSum
dataset. The predicted importance scores of our framework and the ground truth im-
portance scores are shown by pink and gray lines, respectively.

scores. The results clearly highlight the effectiveness of our method in modeling
the relative importance of videos.

5 Conclusion

In this paper, we take the first attempt to reflect on the potential interrela-
tionship across multi-granularity contextual information and address this aspect
by resorting to a graph-matching approach. Based on our Bgm4Video summa-
rization framework, both coarse-grained and fine-grained contextual information
is simultaneously captured by the temporal encoder, a product that combines
self-attention and multiple temporal convolutions, in a parallel modeling ap-
proach. Our bidirectional graph transmission mechanism performs sophisticated
information exchange across these coarse-grained and fine-grained contexts by
considering their contextual correspondence. Extensive experiments have verified
the effectiveness of our contributions.
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