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Abstract

Video scene detection involves assessing whether each shot
and its surroundings belong to the same scene. Achieving this
requires meticulously correlating multi-modal cues, e.g. vi-
sual entity and place modalities, among shots and comparing
semantic changes around each shot. However, most methods
treat multi-modal semantics equally and do not examine con-
textual differences between the two sides of a shot, leading to
sub-optimal detection performance. In this paper, we propose
the Modality-Aware Shot Relating and Comparing approach
(MASRC), which enables relating shots per their own char-
acteristics of visual entity and place modalities, as well as
comparing multi-shots similarities to have scene changes ex-
plicitly encoded. Specifically, to fully harness the potential of
visual entity and place modalities in modeling shot relations,
we mine long-term shot correlations from entity semantics
while simultaneously revealing short-term shot correlations
from place semantics. In this way, we can learn distinctive
shot features that consolidate coherence within scenes and
amplify distinguishability across scenes. Once equipped with
distinctive shot features, we further encode the relations be-
tween preceding and succeeding shots of each target shot by
similarity convolution, aiding in the identification of scene
ending shots. We validate the broad applicability of the pro-
posed components in MASRC. Extensive experimental re-
sults on public benchmark datasets demonstrate that the pro-
posed MASRC significantly advances video scene detection.

Code — https://github.com/ExMorgan- Alter/MASRC

1 Introduction

Video scene detection involves identifying whether a shot
is at the scene ending or not. Upon detection, the video is
segmented into coherent sets of scenes. Temporal scenes
provide structured information that serves as the founda-
tion for downstream applications such as text-to-video re-
trieval (Bain et al. 2020) and human-centric storyline con-
struction (Vicol et al. 2018).

Before determining whether a shot is an ending shot, one
needs to examine the surrounding shots to grasp the con-
text of the target shot from different visual modalities, espe-
cially in terms of imaging entities and places, in the video.

*Corresponding author: Hongxing Wang.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Same entity (e.g., T-shirt man) can appear intermittently
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Figure 1: Intuition behind our proposed modality-aware shot
relating and comparing. (a) Relating: We capture long-term
shot relations by linking intermittently appearing identical
entities and short-term shot relations by relating consecutive
shots depicting the same place. (b) Comparing: Consistency
drawn from comparisons between fore-and-aft contexts is an
indicator to classify whether a target shot is an ending shot.

This process requires associating shared semantics between
shots for each modality to model shot relations. As shown
in Fig. 1a, we need to intermittently link shots featuring the
same entity for capturing long-term shot relations, while re-
lating consecutive shots depicting the same place for the
short-term shot relations. Common methods (2020; 2023;
2024b) handle different modalities in indiscriminate manner
for shot relations modeling. However, this modality-agnostic
strategy fails to capture the diverse temporal relations exhib-
ited by different modalities. To address this issue, we shift
temporal relation modeling from modality-agnostic recipes
to modality-aware scheme. As presented in Fig. 2, we design
Modality-Aware Shot Relating (MASR) to enable captur-
ing long-range and short-range temporal relations between
shots respectively in entity and place modalities. In the en-
tity modality, we construct an Entity Jumping Graph (EJG)
to correlate shots with similar entities by which a long-term
dependencies can be caught for similar but distant shots.
With the place modality, we design a Place Continuity Graph
(PCG) to connect time-continuous shots depicting the same
place, modeling short-term dependencies between shots.
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Figure 2: Diagram of how the proposed MASRC determines whether a target shot (in the red border) is an ending shot or not.
We build an entity jumping graph and a place continuity graph for GCN message passing to separately embed long and short
shot relations into shot representations. Relying on similarity comparison between the fore-and-aft shots of each target shot
as well as further similarity change encoding by convolution, the probability of target shots being ending shots can be better

predicted by a simple MLP classifier.

Once modeling shot relations through MASR, we are al-
lowed to classify whether each shot is an ending shot via its
own context-embedded shot feature, as previous efforts (Wu
et al. 2022; Mun et al. 2022; Islam et al. 2023; Chen et al.
2023; Yang et al. 2023) have done. Unfortunately, a single
context-embedded shot feature struggles to capture complex
context changes, leading to numerous false positives. This is
because these methods overlook the fact that an ending shot
signifies a contextual difference between its two sides. As
illustrated in Fig. 1b, it is crucial to compare the consistency
between fore-and-aft contexts using context-embedded shot
features. Fig. 2 shows that devised Multi-shots Comparison
Detection (MCD), which compares multi-shot similarities
and then encodes similarity changes by convolution, aiding
the identification of ending shots.

Across the board, we propose a novel architecture
for video scene detection, dubbed Modality-Aware Shot
Relating and Comparing (MASRC). We pursue MASR to
capture diverse shot relations for entity and place modali-
ties. Next, we design MCD to encode contextual different
between shots to support the classification of ending shots.

In a nutshell, our contributions include:

* We propose MASR to capture long-range and short-
range shot relations by considering the distinctive roles
of entity and place modalities in video scene detection.
Instead of relying solely on individual shots for video
scene detection, we compare shot semantics on both
sides of the target shot and propose MCD to better en-
code and detect scene transitions.

We perform comprehensive evaluations on three video
scene detection datasets including MovieNet (Huang
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et al. 2020), BBC (Baraldi, Grana, and Cucchiara 2015),
and OVSD (Rotman, Porat, and Ashour 2016). Our pro-
posed method surpasses previous approaches by large
margins in various learning settings.

2 Related Work

Video Scene Detection. Early methods directly employ shot
features to cluster adjacent shots into scenes in an unsu-
pervised manner. For instance, (Odobez, Gatica-Perez, and
Guillemot 2003) clusters shots based color histograms and
temporal closeness by a spectral clustering method. Sim-
ilarly, (Ngo, Pong, and Zhang 2002) employs color his-
togram intersection for initial shot clustering, followed by
merging the preliminary results using a sliding time window
to derive scenes. (Rasheed and Shah 2005) utilizes color
and motion information between shots to generate a simi-
larity graph, partitioning the graph to identify video scenes.
However, these methods achieve limited performance due to
their manually modeling relations between shots, resulting
in insufficient discriminability of shot features from differ-
ent scenes. Recently, supervised methods focus on design-
ing adaptive and flexible relating shot-correlation mecha-
nisms. Some methods exploit single-modality visual shot se-
mantics to explore shot relations. For instances, (Tan et al.
2023) and (Mun et al. 2022) employ a multi-head atten-
tion mechanism to emphasize long-term shot relationships.
(Yang et al. 2023) additionally incorporates local window at-
tention to capture short-term shot relationships. (Tan, Wang,
and Yuan 2024) reweights each shot feature to enhance the
ability of LSTM (Graves and Schmidhuber 2005) to corre-
late shots within long video scenes. Due to the limitations of



single modality in semantic representation, other methods
employ multi-modality visual shot semantics, such as en-
tity, place modalities. (Rao et al. 2020) designs multi-modal
shot boundary features for capturing both difference and re-
lations between neighborhood shots. (Wei et al. 2023) em-
ploys a multi-head self-attention mechanism on the similar-
ity matrix generated by multi-modal shot features for explor-
ing high-order relationships between shots. However, these
methods tend to design a unified framework to handle dif-
ferent modalities, struggling to capture the diverse temporal
relations exhibited by different modalities. In contrast, we
propose MASR to captures long-range and short-range shot
relations by considering the distinctive roles of entity and
place modalities in video scene detection.

On the other hand, when detecting ending shots, some
methods (Wu et al. 2022; Mun et al. 2022; Islam et al. 2023;
Chen et al. 2023) make a prediction by a single context-
embeded shot representation. Other methods (Wei et al.
2023; Tan et al. 2023) design learnable boundary class vec-
tors and use it to query each shot feature to detect whether
each shot is an ending shot. However, these methods over-
look the fact that an ending shot signifies a semantic dif-
ference between its two sides and do not explicitly compare
the shot contexts for detection. In this paper, we compare the
shot semantics on both sides of the target shot to identify the
ending shots.

Graph Neural Network. In recent years, an increas-
ing number of non-Euclidean data have been represented
as graphs, posing significant challenges to existing neu-
ral network methods. To effectively deal with such data,
Graph Neural Networks (GNNs) have attracted much at-
tention. GNNs have been applied in various fields, includ-
ing recommendation systems (He et al. 2020), computer vi-
sion (Yan, Xiong, and Lin 2018), and natural language pro-
cessing (Yao, Mao, and Luo 2019). Graph convolutional net-
works, a type of GNN, can be divided into spectral-based
and spatial-based approaches (Wu et al. 2021). Spectral-
based approaches implement graph convolution by defin-
ing filters similar to graph signal processing, while spatial-
based approaches define graph convolution by information
propagation and have gained momentum for their efficiency,
flexibility, and generality. Widely used GNN techniques in-
clude Graph-SAGE (Hamilton, Ying, and Leskovec 2017),
GAT (Velickovic et al. 2018), and GCN (Kipf and Welling
2017).

3 Methodology
3.1 Problem Formulation

Given a video divided into shots, video scene detection aims
to learn a classifier f, which holds f(s) = 1 if shot s ends
a scene, f(s) = 0 otherwise. Since a shot itself cannot form
the concept of the end or non-end of a scene, we have to
put a shot in its temporal context towards this end. To be ex-
plicit, we rewrite f(s) as f(c(s)), where ¢(-) truncates the
contextual sequence of shots including s. In this study, we
propose a Modality-Aware Shot Relating and Comparing so-
lution (MASRC). As illustrated in Fig. 2, it allows Modality-
Aware Shot Relating (MASR) for Multi-shot Comparison
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Detection (MCD) to model f(c(s)).

3.2 Modality-Aware Shot Relating

To perform prediction on shot s; at time ¢, we cut its con-
text c(s¢) as a time sliding window of length T' centered
around s;. Since the frames within a shot are similar, we
represent each shot with a randomly selected frame, as
is common practice (Mun et al. 2022; Yang et al. 2023;
Tan et al. 2024a). Without loss of generality, we let T' be
even, and denote c(s¢) by {s;—1/241, " ,8t, * , Ser1/2}-
Given the importance of actors, objects, and places in com-
posing visual-centric shot semantics (Rao et al. 2020), we
directly employ different pre-trained ResNet-50 models (He
et al. 2016) to extract diverse visual semantics, as done
in (Tan et al. 2024b). One model, pre-trained on the Im-
ageNet dataset (Russakovsky et al. 2015), extracts visual
entity features related to actors and general objects, i.e.,
xXE = {@} /9115 T} 1o} Another ResNet-50 model,
pre-trained on the Places dataset (Zhou et al. 2018), is used
to obtain place features X = (@ 1jap1s T g} for

shot sequence c(s;).

Entity-based Long-Term Dependency. The reappear-
ance of the same actors or objects in a shot after several
shots reflects that entities carry long-range shot relations.
To relate shots with similar entity semantics, we construct
an entity jumping graph (EJG) G =< X® E® >. The
shots with features X act as nodes and edges E = {Eg}
between nodes are determined by the semantic similarity be-
tween shots, given by:

E
Eij_{
E .E

K
0,

where cosine similarity SlEj cos(z;", z; ) is computed

based on entity features x;” and «. EJG establishes con-

nections between each shot and its k& most similar shots in

the entity feature space, enabling each shot to be linked with

distant but similar shots in the temporal dimension.

After that, we perform message passing for the shot nodes
on GE with shot features X ©. In this process, the shot nodes
will receive messages from its connected shots in GE, facil-
itating information exchange between distant shots. Specifi-
cally, we stack two graph convolution network (GCN) (Kipf
and Welling 2017) layers on EJG to model long-term shot
relations for obtaining long-range affinity features X LR,

E

{ ));

where, in each layer ¢ € {1,2}, we apply vanilla GCN
smoothing to current features X f’l on the edge affinities
EE normalized from E® (Kipf and Welling 2017), followed
by activation mapping with o (-). The resultant activated fea-

tures will be added to original features X ™, as smoothly
rectified features for layer normalization (LN) (Ba, Kiros,
and Hinton 2016).

S’7EJ € top-k (SF),
otherwise,

(1)

X%R _ XE,

5 2
X =LN(X® + 0(GONy(X IR E @
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Figure 3: Each wide shot depicts an overview of a place, and
its detail shots zoom in on specific details within the same
place.
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Figure 4: Identification of wide shots and detail shots.

Place-based Short-Term Dependency. Consecutive
shots in the same scene often share the same place. Estab-
lishing correlations among these shots allows us to effec-
tively model short-range shot relations. However, the chal-
lenge lies in grouping shots that depict the same place. As
shown in Fig. 3, some shots provide an overview of the
layout for place, while others focus on on specific details
within the same place. For clarity, we refer shots portray-
ing the overall layout of the place to “wide shots” and the
remaining shots to “detail shots”. That is to say, wide shot
can have similarities to its detail shots, but detail shots are
usually very diverse. Hence, a wide shot has more similar
shots than its detail shots. With this observation, we count
the number of similar shots to each involved shot to identify
wide and detail shots. As shown in Fig. 4, we leverage an
adaptive threshold to obtain the number of similar shots to
shot s; € ¢(s;) as follow,

>

jet—L+1t+7]

(S5 > S, 3)

n; =

P _ P P
where S;; = cos(z; , ;

; ) denotes cosine similarity between
features from the place modality, ST denotes the averaged
similarity among shot features of place modality, and I(-)
refers to an indicator function that takes 1 for non-zero in-
puts. According to {n;}ic[t—1/2+1,¢4+7/2]» We select those
shots {sy} with W = {i € t —T/2+ 1,t+T/2]|n; >
ni—1 N n; > n;p1} as wide shots, and the rest shots
{8D}p=[t—T/24 1,447 /2)\ W as detail shots.

We then use the cosine similarity between detail shots and
wide shots as well as the temporal proximity between them
to obtain detail-wide shots affiliation between i € D, j € W
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as follow,
ji = argmax(S;; + Dyj), 4)
J
where D;; = ﬁ measures the temporal proximity be-
tween shots s; and s;. The motivation for D;; is to prevent
linking detail shots with wide shots that are far apart, thus
ensuring that the associated wide and detail shots describe
the same place. It is worth noting that due to the inability to
access the focal length of the shots, the wide shots we found
by the similarity between shots are sometimes different from
the wide shots in reality.

With the detail-wide shots affiliation established, we pro-
ceed to capture the short-term shot dependency based on the
place features X . Considering the hierarchical structure of
the space depicted by the wide shot and its corresponding
detail shot, we devise a two-stage graph reasoning process.

On the one hand, each detail shot presents the spatial
details of its corresponding wide shots. For message pass-
ing from detail shots to wide shots, we build detail-to-
wide graph GP?W =< XP EP?W > The edge weight
EP?W = {ED?W} is formulated as:

D2W __
s

where W]IDQW and W2D2W are learnable matrices.

Next, we perform message passing for the shot nodes on
the GP2W_ where wide-shot nodes integrates information
from its detail-shot nodes. We apply a one-layer GCN mes-
sage passing and inference to obtain short-range detail to
wide shot features X 2"

XP2W — IN(XT + 0(GON(X?T softmax(EP?Y)))),
6
where we employ softmax for normalization to make the
edge weights learnable (Velickovic et al. 2018).

On the other hand, we expect the updated information
from wide shots can be conveyed back to the detail shots.
Hence, based on short-range detail to wide shot features
XP2W  we build the wide-to-detail graph GW2P =<
XP2W EW2D . The edge weight BV = {EXJVQD} is
formulated as:

‘W2D __
by |

T
(WllDQng’) W2D2W£BP

L
7 .7*.%7
—00,

5
otherwise, )

W2D T 1y, W2D S s
(W PaV2D)y W, $?2W7 J=Ji>
otherwise.
. W2D W2D W2D | : (7)
By learning W{"*~ and W, “~ on G with a one-layer
GCN message passing and inference, we have the ultimate

short-range affinity features X 5%

XSR — LN(XD2W+O'(GCN(XD2W, SOftmaX(EW2D)))).
(®)

—0Q0,

3.3 Multi-shots Comparison Detection

While each shot enriched with diverse temporal-scale infor-
mation becomes more discriminative, detecting the ending
shots remains a challenge based on each shot via its own
context-embedded shot feature. This is because the ending
shot implies a kind of semantic difference between its two



sides. It is essential to compare the shot semantics on both
sides of the target shot to make predictions. In pursuit of
this objective, we propose Multi-shots Comparison Detec-
tion (MCD). For shot s;, we compare shot semantics on its
two sides, having context similarity matrix M,

)

©))

M;j = cos(z ™, o) + cos(w

wherei € [t —T/2+ 1,t],j € [t+ 1,t+T/2].

To capture intricate patterns of semantic variation, we em-
ploy a CNN-based network on M, producing the relation
vector r,

r = Flatten(CNNs(M)), (10)

where Flatten(-) is to flatten its input matrix into a one-
dimension vector, and CNNs(+) denotes a 4-layer VGG (Si-
monyan and Zisserman 2015) Network.

Finally, we can utilize a fullly connected MLP and a sig-
moid layer on the flatten R to predict the probability ¢, of
the shot s; being an ending shot.

3.4 Training and Objective Functions

We employ two loss functions in our model training: the
self-supervised loss and the supervised loss. The details of
these two loss functions are as follows.

Self-supervised loss. Same as previous methods (Mun
et al. 2022; Islam et al. 2023), the self-supervised loss
aligns predictions with pseudo-scene boundaries using bi-
nary cross-entropy loss:

Ly =—yplog(§e) + (1 —yp)log(1 — §¢), (1)

where P denotes the pseudo label of shot s; generated by
the Modified Dynamic Warping algorithm (Mun et al. 2022).

Supervised loss. It is an ending shot prediction loss in
form of the binary cross-entropy loss:

Ly = —y;log(9:) + (1 —y¢) log(l —g¢),  (12)

where y; € {0,1} denotes the ground-truth binary label of
shot ¢.

Combining the aforementioned losses, our MASRC sup-
ports various learning approaches: self-supervised learn-
ing, fully supervised learning, and self-supervised trans-
fer learning. In self-supervised learning, we employ the
self-supervised loss for model training. In fully supervised
learning, we utilize a supervised loss. Self-supervised trans-
fer learning involves two phases, where the self-supervised
loss is applied for pre-training, followed by the use of the
supervised loss for model fine-tuning.

4 Experiments
4.1 Settings

Datasets: We assess the performance of our method on
three widely used video scene detection datasets, i.e.,
MovieNet (Huang et al. 2020), BBC (Baraldi, Grana, and
Cucchiara 2015), and OVSD (Rotman, Porat, and Ashour
2016).
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MovieNet. It is a vast dataset with 1,100 movies and 1.6
million shots. 318 movies are annotated with scene bound-
aries, forming the MovieScenes dataset (Rao et al. 2020) for
video scene detection. MovieScenes is further divided into
subsets of 190 movies for training, 64 for validation, and 64
for testing. For different learning ways, we remain consistent
with the settings of the previous methods (Wu et al. 2022;
Yang et al. 2023) and always evaluate our model on the
test split of MovieScenes. In the self-supervised scenario,
we utilize the 660 unlabeled videos from MovieNet for pre-
training. In the supervised setting, we utilize 190 training
videos from MovieScenes for training. For self-supervised
transfer learning, we utilize the 660 unlabeled videos from
MovieNet for pre-training, and 190 training videos from
MovieScenes for fine-tuning.

OVSD. It consists of 21 short films, each lasting approx-
imately 30 minutes. It contains a total of 10,000 shots and
300 scenes, extracted from movie scripts. Due to lacking
predefined splits, we follow prior studies (Wu et al. 2022;
Mun et al. 2022; Islam et al. 2023), training our model using
the MovieNet dataset and then assessing its performance on
OVSD without additional fine-tuning.

BBC. It comprises of 11 episodes from the BBC educa-
tional TV series Planet Earth (BBC 2006). These videos
have an average duration of 50 minutes and include a to-
tal of 670 scenes and 4.8K shots. As with our evaluation on
the OVSD dataset, we train our model using the MovieNet
dataset and assess its performance on the BBC dataset with-
out additional fine-tuning, following established research
practices (Wu et al. 2022; Mun et al. 2022; Islam et al. 2023).

Metrics: To measure the performances, we use the same
evaluation metrics used in prior methods (Mun et al. 2022;
Wu et al. 2022; Islam et al. 2023), which include the Average
Precision (AP), the mean Intersection over Union (mloU),
and the F1-score (F1).

Implementation Details: We take 7' = 14 neighboring
shots as input to our model. In MASRC, we set the acti-
vation functions o(+) in Egs. (2), (6) and (8) as ReLU (He
et al. 2015). In Eq. (1), we specify the the number of
top similar shots as k¥ = 4. For model training, we em-
ploy the Adam (Kingma and Ba 2015) optimizer with a
mini-batch size of 512. For fully supervised learning and
self-supervised learning, we initialize the learning rate at
10~%. In the case of self-supervised transfer learning, we set
the initial learning rate to 10~ for pre-training and reduce it
to 10~ for fine-tuning. Across all training stages, we apply
a linear warm-up strategy during the initial epoch, followed
by a learning rate decay according to a cosine schedule (He
et al. 2019). We train our MASRC on a NVIDIA RTX 3060
GPU. In all experiments, we report the average of metrics
across five different random seeds.

4.2 Comparison with State-of-the-Art Methods

Results on MovieNet. Table 1 displays the quantitative
results on MovieNet (Huang et al. 2020). Given that nu-
merous methods rely solely on single-modal features, we
showcase performance of our method in the corresponding



Methods [ Modalities
Self Supervision

[Training Par.] AP mlIoU FI

BaSSL (Mun et al. 2022) Entity 438M [31.6 394 32.6
SSM (Gu, Goel, and Ré 2022) Entity 325M  |33.3 38.1 322
TranS4mer (Islam et al. 2023) Entity 320M [345 39.6 334
VSMBD (Tan et al. 2024b) Entity, Place 26.5M |38.3 42.7 379
NeighborNet (Tan et al. 2024a) Entity 355M |51.2 529 464
Entity 10.7M |47.3 48.6 42.0
MASRC (Ours) Place 129M  |489 47.0 419
Entity, Place 214M |52.8 56.8 53.0
Fully Supervision

Temporal Perceiver (Tan et al. 2023) Entity 52.1M [533 532 -
MHRT (Wei et al. 2023) Entity, Place, Audio| 47.1M |54.8 51.2 46.3

CANet (Tan, Wang, and Yuan 2024) Face, Body 153M |56.8 55.7 -
NeighborNet (Tan et al. 2024a) Entity 355M |64.0 61.2 57.8
Entity 10.7M |59.2 58.5 55.0
MASRC (Ours) Place 129M  |59.6 57.9 529
Entity, Place 214M |67.4 65.8 63.8

Self-Supervised Transfer

ShotCoL (Chen et al. 2021) Entity 263M |534 51.4
SCRL (Wu et al. 2022) Entity 263M (546 - 514
BaSSL (Mun et al. 2022) Entity 438M |57.4 50.7 47.0
SSM (Gu, Goel, and Ré 2022) Entity 325M  |59.7 51.3 484
CAT (Yang et al. 2023) Entity 438M |59.6 53.7 51.9
TranS4mer (Islam et al. 2023) Entity 320M |60.8 51.9 484
VSMBD (Tan et al. 2024b) Entity, Place 26.5M |63.7 564 553
NeighborNet (Tan et al. 2024a) Entity 355M  |71.9 645 62.7
Entity 10.7M |65.5 62.6 64.0
MASRC (Ours) Place 129M |659 614 61.3
Entity, Place 214M |73.2 70.7 67.3

Table 1: Performance comparison between our pro-
posed method and recent baselines on the MovieNet
dataset (Huang et al. 2020). The best results for each cat-
egory of methods are indicated in bold.

Methods OVSD BBC
ShotCoL (Chen et al. 2021) 25.5 28.0
SCRL (Wu et al. 2022) 38.8 30.2
BaSSL (Mun et al. 2022) 28.7 400
TranS4mer (Islam et al. 2023) 36.0 43.6
NeighborNet (Tan et al. 2024a) | 47.3  50.6
MASRC 483 532

Table 2: Cross dataset transfer result (AP) on OVSD (Rot-
man, Porat, and Ashour 2016) and BBC (Baraldi, Grana, and
Cucchiara 2015) without fine-tuning.

modality for a fair comparison. Results show that, in contrast
to counterparts, our method consistently excels with fewer
training parameters across various experimental scenarios.
Compared with multi-modal methods, our method employs
less modality knowledge and outperforms the state-of-the-
art MHRT (Wei et al. 2023). The superior performance of
our approach arises from diversely modeling inter-shot re-
lations and detecting scenes through comparisons between
multi-shots relations.

Transfer Evaluation. We demonstrate the generaliza-
tion capability of our MASRC in comparison with re-
cent methods (Chen et al. 2021; Wu et al. 2022; Mun
et al. 2022; Islam et al. 2023) in Table 2. All mod-
els used have undergone self-supervised pre-training and
fine-tuning on MovieNet (Huang et al. 2020). We test
these MovieNet-trained model without any additional fine-
tuning on BBC (Baraldi, Grana, and Cucchiara 2015) and
OVSD (Rotman, Porat, and Ashour 2016). The results
demonstrate that our proposed method achieves the best per-
formance among all the comparisons on the OVSD and BBC
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Figure 7: Comparison of detec- Figure 8: Influence of Entity
tors, including MLP (Islam et al. (E) and Place (P) modalities on
2023), AD (Wei et al. 2023), and detection in video scenes with
our MCD. varied lengths.

datasets, which verifies the strong generalization capability
of MASRC.

4.3 Ablation Studies

The following results are obtained in a fully supervised man-
ner.

Pluggability of MASR. Fig. 5 provides the performance
of HR (Wei et al. 2023) and our MASR combined with
different ending shot detectors, including MLP (Mun et al.
2022; Yang et al. 2023; Islam et al. 2023) and AD (Wei et al.
2023). The results show that combined with the same detec-
tor, the performance of our proposed MASR is better than
HR, highlighting the contribution and plug-and-play ability
of our proposed MASR.

Pluggability of MCD. Fig. 6 shows the performance of
our proposed MCD combined with different temporal rela-
tion modeling methods, including HR (Wei et al. 2023) and
VSMBD (Tan et al. 2024b). The results highlight that the
combination of our proposed MCD with different methods
is better than their raw alternatives, highlighting the advan-
tage and versatility of MCD.

Different Ending Shot Detectors. Fig. 7 compares re-
sults about different detectors, where MLP (Mun et al. 2022;
Yang et al. 2023; Islam et al. 2023)and AD (Wei et al. 2023)
are two competitors of our MCD detector. The former makes
predictions through single-shot representation, and the lat-
ter uses learnable class vectors to query each shot feature
to decide whether each shot is a boundary. Our proposed
MCD outperforms the competitors under evaluation metrics,
mainly because MCD explicitly uses shot contexts to predict
boundaries.
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Table 3: Comparison of different combinations of modalities
and shot relations modeling.

ELD PSD MCD | AP
- - - 16.4
- - v 47.1
v - v 59.2
- v v 59.6
v v v 67.4

Table 4: Ablation study on MASRC in different inclusions
of entity-based long-term dependency (ELD), place-based
short-term dependency (PSD), and multi-shots compari-
son detection (MCD). v'signifies “included”, while - “ex-
cluded”.

Impact of Each Modality on Detecting Video Scenes of
Different Lengths. Fig. 8 provides an in-depth analysis
of the impact of different modal inputs on video scene de-
tection. Short scenes comprise fewer than 12 shots, while
long scenes consist of a higher number of shots, based on
the fact that the average number of scenes in MovieNet (Rao
et al. 2020) is 12.6. As can be seen from Fig. 8, compared
to the entity modality, the place modality shows a greater
advantage in short scene detection. Conversely, the entity
modality outperforms the place modality in detecting long
scenes. This observation validates that the place modality is
well-suited for capturing short-term shot relations, whereas
the entity modality excels in capturing long-range shot re-
lations. Notably, combined modalities consistently perform
optimally under either scene length, confirming the comple-
mentarity of the two modalities.

Each Modality and Its Optimal Modeling Temporal Re-
lations. Table 3 displays the performance of temporal rela-
tion modules with inputs from various modalities. The long-
term relations module is modeled by Eqgs. (1) and (2), and the
short-term relations module is built upon Egs. (3)-(8). For
the entity modality, switching from short-term to long-term
relations modeling improves AP by 3.2%. Conversely, for
the place modality, switching to short-term relations model-
ing improves AP by 3.6%. The best performance is achieved
by combining long-term entity modeling with short-term
place modeling. In summary, the entity modality is suited for
modeling long-term shot relations, whereas the place modal-
ity is adept at capturing short-term shot relations.

Network Components. Table 4 presents the results of as-
sessing the contributions of different components of our pro-
posed method to overall performance. The first row reports
baseline results of feeding the concatenation of entity and
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CNNs (used)
67.4

Alternatives ‘ Max Pooling ~ Self Attention
AP \ 56.7 59.9

Unireplknet
68.9

Table 5: Comparison of alternatives to our used CNNs.
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Figure 9: Impact of hyperparameters. (a) Temporal window
scale T" as defined in Sec. 3.2. (b) Entity feature neighbor
scale k as defined by top-k in Eq. (1).

place features into the MLP to predict shot classes. Replac-
ing the MLP detector with the proposed MCD results in a
significant improvement across all metrics, emphasizing the
effects of contrasting shot contexts to detect ending shots.
The addition of the ELD or PSD module alone leads to in-
crement in AP, which arises from our consideration of the
distinct roles of various visual semantics in video scene de-
tection. The combination of ELD and PSD achieves peak
performance, demonstrating their complementary effects.

Alternatives to CNNs in MCD. Table 5 presents perfor-
mance of alternatives to CNNs in MCD. As shown, CNN-
based models, such as UnirepkNet (Ding et al. 2024) and
our used CNNs in Eq. (10), achieve better results compared
to other alternatives, likely because CNN models are better
suited to capturing the variation patterns of gridded data.

Temporal Window Scale 7.  Fig. 9a illustrates the impact
of the time sliding window scale 7', as defined in Sec. 3.2.
It is evident that all metrics reach their peaks when 7' = 14.
This observation aligns with the average number of shots per
scene in the MovieNet dataset which is 12.6.

Entity Feature Neighbor Scale k. Fig. 9b presents the ef-
fects of the amount of most similar shots k defined in Eq. (1).
The proposed method achieves optimal performance when
k = 4. This selection strikes the best trade-off between cap-
turing sufficient similar entity variations and avoiding the
introduction of extraneous noisy information.

5 Conclusion

We propose an novel multi-modal shot relationship model-
ing and comparison framework for video scene detection.
It reasons on the established long-range entity dependency
graph and short-range place dependency graph to capture
long-short dependencies between shots. For detecting end-
ing shots, predictions are made by comparing the semantic
relationships of surrounding shots to the target shot. Experi-
mental results in public datasets show the effectiveness and
superiority of our MASRC over previous SOTAs.
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