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Abstract

Livestream videos have become a significant part of
online learning, where design, digital marketing, creative
painting, and other skills are taught by experienced experts
in the sessions, making them valuable materials. However,
Livestream tutorial videos are usually hours long, recorded,
and uploaded to the Internet directly after the live sessions,
making it hard for other people to catch up quickly. An out-
line will be a beneficial solution, which requires the video to
be temporally segmented according to topics. In this work,
we introduced a large Livestream video dataset named Mul-
tiLive, and formulated the temporal segmentation of the
long Livestream videos (TSLLV) task. We propose LiveSeg,
an unsupervised Livestream video temporal Segmentation
solution, which takes advantage of multimodal features
from different domains. Our method achieved a 16.8% F1-
score performance improvement compared with the state-
of-the-art method.

1. Introduction

Video temporal segmentation has become increasingly
important since it is the basis for many real-world applica-
tions, i.e., video scene detection, shot boundary detection,
etc. Video temporal segmentation can be considered an es-
sential pre-processing step, and an accurate temporal seg-
mentation result could benefit many other tasks. The video
temporal segmentation methods lie in two directions: uni-
modal and multimodal approaches. Unimodal approaches
only use the visual modality of the videos to learn scene
change or transition in a supervised manner, while multi-
modal methods exploit available textual metadata and learn
joint semantic representation in an unsupervised way.

A considerable amount of long Livestream videos are
uploaded to the Internet every day, but it is challenging to
understand the main content of the long video quickly. Tra-
ditionally, we can only have an inaccurate assumption by
reading the video’s title or using the control bar to manually

Figure 1. Comparison of temporal-pairwise cosine distance on vi-
sual features: (TOP) a Livestream video, (BOTTOM) a TVSum
video (Blue & Green: distance; Red: segment boundaries).

access the video, which is time-consuming, inaccurate, and
very easy to miss valuable information. An advantageous
solution is to segment the long video into small segments
based on the topics, making it easier for the users to navi-
gate the content.

Most existing video temporal segmentation work fo-
cused on short videos. Some work explored movie clips
extracted from long videos but easily segmented temporally
by scene change. Jadon et al. proposed a summarization
method based on the SumMe dataset [26], which are 1-6
min short videos with clear visual change [31]. When it
comes to the long Livestream videos, the previous meth-
ods do not work well due to the extremely long length and
new characteristics of the Livestream videos. So the critical
problem is finding a practical approach to temporally seg-
ment the Livestream videos into segments. The quality of
segmentation results can significantly impact further tasks.
So here we propose a new task, TSLLV, temporal segmen-
tation of long Livestream videos, which has not been ex-
plored yet. Different from other long videos, i.e., movies,
Livestream videos usually contain more noisy visual infor-
mation due to the visually abrupt change, and more noisy
language information due to random chatting, conversa-
tional languages, and intermittent sentences, which means
the content is neither clear nor well-organized, making it
extremely hard to detect the segment boundaries. Com-
parison of the visual noisiness of the Livestream video and
other videos and examples of Livestream transcripts are in-
troduced in Section 3.
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To sum up, the main difficulties for temporally segment-
ing the Livestream videos are:
(1) The visual background remains similar for a consid-
erable time, even though the topic has already changed,
making the definition of boundaries ambiguous. For our
MultiLive dataset collected from Behance1, the hosts usu-
ally teach drawing or painting, where the main background
is the board and remains similar for most parts of the
video. Compared with movies, the movie’s background
changes dramatically when switching to another scene, so
the Livestream videos can not be split directly based on vi-
sual scene change or transition differences. Fig. 1 shows an
example comparison of temporal-pairwise cosine distance
(distance between the ith frame and i + 1th frame of the
same video) on visual feature between a Livestream video
and a TVSum video [64], which shows the Livestream
video’s segment boundaries are not aligned with the visual
scene change, making it difficult to segment.
(2) The visual change is neither consistent nor clear. As
shown in Fig. 1, there are abrupt changes in the visual site
due to the host changing folders or zooming in/out, making
the visual information extremely noisy.
(3) There is not enough labeled data for this kind of
Livestream video, and it is challenging, time-consuming,
and expensive to label them manually. Because it requires
the human annotators to watch the entire video, understand
the topics, and then temporally segment it, making it much
more complicated than labeling images.

Our contributions are listed as follows:

• We introduced MultiLive, a new large dataset of
Livestream videos, among which, 1,000 videos were
manually segmented and annotated, providing human
insights and references for evaluation.

• We formulate a new temporal segmentation of long
Livestream videos (TSLLV) task according to the
newly introduced MultiLive dataset.

• We proposed LiveSeg, an unsupervised Livestream
temporal Segmentation method by exploring multi-
modal visual and language information as a solution
to TSLLV. We extract features from both modalities,
explore the relationship and dependencies across do-
mains, and generate accurate segmentation results.
LiveSeg achieved a 16.8% F1-score performance im-
provement compared with the SOTA method.

2. Related Work
Video Temporal Segmentation Temporal segmentation
aims at generating small segments based on the content or
topics of the video, which is easy to achieve when the video
is short or when the scene change is easy to detect, e.g., in
movie clips. Previous works mainly focused on short videos

1https://www.behance.net/live

or videos with clear scene changes, which is convenient to
manually label a huge amount of videos as training sets for
supervised learning [36, 61, 84, 48, 22, 62, 2].

Action, Shot, and Scene Segmentation Temporal action
segmentation in videos has been widely explored [74, 83,
38, 23, 37, 59, 76]. However, those videos’ characteris-
tics are far different from Livestream videos, where the ac-
tions are well-defined, the main goal is to group similar ac-
tions based on visual change, and the length of videos is
much shorter, so the methods can not be adopted directly.
Shot boundary detection task is also very relevant and has
been explored in many previous works [28, 66, 29, 3],
where shot is defined by the visual change. However, in
Livestream videos, segments are not solely defined by vi-
sual information, the topics contained in language also con-
tribute to the definition of each segment. Video scene de-
tection is the most relevant task. However, previous meth-
ods only used visual information to detect the scene change
[52, 56, 57, 11, 81], so the methods can not be adopted di-
rectly for Livestream videos either.

Unsupervised Methods Recently, unsupervised methods
have also been explored for video temporal segmentation.
[34] proposed incorporating multiple feature sources with
chunk and stride fusion to segment the video, but the
datasets used are still short videos [26, 64]. [20] used
Livestream videos as materials. However, they used inter-
nal software usage as the segmentation reference, which is
not available for most videos, making their method highly
restricted. Because for most videos, we can only get access
to visual and audio/language metadata.

Summary Although previous models have shown reason-
able results, they still suffer some drawbacks. Most work
targeted short videos with clear scene changes instead of
long videos, and only used visual information while ignor-
ing other domains, like language. Due to the characteristics
of the Livestream videos in our MultiLive dataset, methods
that solely depend on visual features can not obtain accu-
rate results, so a multimodal approach should be addressed
to incorporate visual and language information.

3. MultiLive Dataset
We introduced a large Livestream video dataset from Be-

hance2, which contains Livestream videos for showcasing
and discovering creative work. The dataset includes video
ID, title, video metadata, extracted transcript metadata from
audio signals (by Microsoft ASR [77]), offset (timestamp),
duration of each sentence, etc. The whole dataset contains
11,285 Livestream videos with a total duration of 15,038.4
hours, the average duration per video is 1.3 hours. The en-
tire transcript contains 8,001,901 sentences, and the aver-

2https://www.behance.net/live
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age transcript length for each video is 709 sentences. (An
example transcript is shown in the Appendix.) The detailed
statistics of the dataset are shown in Table 1 and Table 2.
From Tables 1,2, most videos are less than 3 hours and most
videos’ transcript contains less than 1,500 sentences. In ad-
dition, we showed the histogram of video length distribution
and transcript length distribution in Fig 2.

Table 1. Distribution of Livestream video duration.
Video Duration Number Percentage

0-1 h 4,827 42.774%
1-2 h 2,945 26.097%
2-3 h 2,523 22.357%
3-4 h 705 6.247%
4-5 h 210 1.861%
5-6 h 70 0.620%
6-7 h 11 0.097%

Table 2. Distribution of transcript length.

Transcript Length Number Percentage
0-500 5,512 48.844%

500-1,000 2,299 20.372%
1,000-1,500 1,890 16.748%
1,500-2,000 989 8.746%
2,000-2,500 365 3.234%
2,500-3,000 118 1.046%
3,000-3,500 84 0.744%
3,500-4,000 35 0.310%
4,000-4,500 12 0.106%
4,500-5,000 3 0.027%

Figure 2. Histogram of MultiLive video length distribution and
transcript length distribution (y-axis: number of videos).

Besides, for the purpose of evaluation, we provide hu-
man annotations of 1,000 videos with segmentation bound-
aries annotated manually by human annotators for evalu-
ation. The human annotators are asked to watch and un-
derstand the whole video and split each into several seg-
ments based on their understanding of the video content.
The current 1,000 videos’ annotation includes 10 annotators
from Amazon Mechanical Turk 3 (legal agreement signed).
The annotators were separated into groups and each group
watched part of the videos and then discussed the results
together about the segmentation results to ensure the qual-
ity of the annotation was agreed upon by all the annotators.

3https://www.mturk.com/

They were instructed to pay more attention to topic change,
w.r.t. the moment that the live-streamer starts discussing a
different topic.

Table 3. Comparison of MultiLive with existing datasets.
Statistics MultiLive SumMe [26] TVSum [64] OVP [6]

Labeled videos 1,000 25 50 50
Ave. length (min) 78 mins 2.4 mins 4.2 mins 1.5 mins
Ave. scene num 8.8 5.1 52.2 8.8

Ave. SLR
(min/scene) 8.86 0.47 0.08 0.17

Ave. SD 0.07 0.22 0.19 0.35

There are several widely used video datasets in tempo-
ral segmentation or video summarization tasks [26, 64, 6],
Table 3 shows the comparison of our dataset with the oth-
ers. The amount of labeled videos of the others is less than
50, while we provide human annotations for 1,000 videos.
The average length of the videos from our dataset is much
longer than others, while the number of segments is in the
same order of magnitude or even smaller than the others.
The effect is that, the average SLR (scene length ratio) of
the Livestream dataset is much larger, where average SLR
(scene length ratio) can be considered a metric to represent
the average length of each scene in the video, calculated by
(ave.length / ave. scene num). So the larger the ratio, the
more content contained in each segment, leading to more
difficulty finding the segment boundaries.

Figure 3. (a) Visual features of a Livestream video; (b)Visual fea-
tures of a TVSum video, where different colors represent different
segments within one video.

To demonstrate a more precise understanding of the vi-
sual information of Livestream videos, we compared the vi-
sual features extracted from one example Livestream video
and one example TVSum video [64]. We extracted video
frames from the raw video sequence, used ResNet50 model
[30] (pre-trained on ImageNet) to extract the visual features
of each video frame, and adopted t-SNE [69] to visualize
the visual features. Fig. 3(a) shows the Livestream video’s
visual feature distribution, different colors with the same
marker “o” representing different segments, ten segments
in total. We can find that feature points which belong to
different segments mix together and thus are hard to sep-
arate. As for TVSum’s video result in Fig. 3(b), different
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color or different marker “o”/“x”/“∗” all represents different
segments, 23 segments in total, which shows the points be-
long to different segments can be distinguished more easily
than the Livestream video. This proves our statement that
Livestream videos contain more noisy visual information,
making it much harder to be temporally segmented by tra-
ditional methods.

Table 4. Comparison of different type of videos.
Statistics ASR WER USR

Film Corpus [70, 71] 0.01 0.126
Movie Dialog Corpus [1] 0.01 0.139

MultiLive 0.05 0.458

Table 4 also shows the comparison of our Livestream
data with movie datasets [70, 71, 1], which were collected
from IMDB and TMDB, to emphasize the differences be-
tween Livestream videos and movies. Table 4 shows the
Livestream videos’ ASR WER (word error rate) is higher
than movies, and the USR (unrelated sentence rate) is much
higher than movies, which contain more meaningless con-
versational languages. We further used hierarchical cluster-
ing to group the frames based on visual features and gener-
ated a dendrogram. As shown in Fig. 4, we could find that
the video frames far away from each other in timestamp
can still be clustered together into the same group if only
visual features are used. It supports the claim that using
only visual information is insufficient to generate accurate
temporal segmentation results, as the visual domain lacks
sufficient information. So other domain features should be
explored to provide more information.

Figure 4. Dendrogram result of one Livestream video by hierar-
chical clustering of visual features, where the numbers below the
bottom layer represent the number of images belongs to the corre-
sponding sub-tree.

To show a representative comparison, we computed the
frame-level average distance (ave. SD) between the seg-
ments of our MultiLive dataset and the SumMe, TVSum,
and OVP datasets. The results are shown in Table 3. The
distance is computed on the two adjacent frames on each
video segment boundary (last frame of ith segment, and
first frame of (i + 1)th segment, and the average results
could show the average visual difference comparison. As
in Table 3, we can find that the ave. SD of the MultiLive
dataset is much smaller than the ave. SD of other datasets,
which could be a representative metric to demonstrate that
Livestream video’s visual change is much more noisy than
existing datasets, making it more difficult to segment.

4. LiveSeg: Unsupervised Multimodal Tempo-
ral Segmentation of Livestream Videos

The TSLLV task (temporal segmentation of long
Livestream video) aims to accurately and temporally seg-
ment the Livestream videos based on the topics. Due to
the absence of segmented labels and the time-consuming
of manually labeling a huge amount of such long videos,
we adopt unsupervised methods to segment the Livestream
videos temporally. The whole framework is shown in Fig. 5.
Given a Livestream video S, our target is to temporally seg-
ment video S into [S1, S2, ..., Sk] based on topics, where k
is the number of segments. The only available materials are
video (visual input) and transcripts (language input). The
number of segments of each to-be-segmented video is not
preliminary given.

4.1. LiveSeg Framework

The LiveSeg model takes input from the visual domain
and the language domain. For visual features, we sam-
ple video frames [f1, f2, ..., fn], where n is the timestamp,
from the raw video S (one frame per second to reduce the
computation complexity). Then we use ResNet-50 [30] pre-
trained on ImageNet [58] to extract visual features (finger-
prints) V1 = [V11, V12, ..., V1n], where the visual finger-
prints represent the video content. For the language fea-
tures, due to the fact that the transcript is not temporally
perfectly aligned with video frames, we first assign the tran-
script sentences to the corresponding video frame. If there
are overlaps between several sentences or several frames,
we duplicate those in a corresponding manner, and formu-
late frame-transcript pairs for each sampled frame in the
timeline. Since the frames are sampled by a one-second
time window, the transcripts are also aligned with each time
window. If one transcript sentence Ti does not end for the
given window, meaning the language has overlapped with
two adjunct time windows, then we will assign this sen-
tence Ti to both time window t and time window t + 1.
We then extract sentence embeddings with BERT [16] to
get sentence-level representations L1 = [L11, L12, ..., L1n].
The embedding model used in our formulation is “all-
MiniLM-L6-v2” from Sentence-Transformers [54], which
is trained on large sentence level datasets using a self-
supervised contrastive learning objective from pre-trained
model [75] and fine-tuned on a sentence pairs dataset. Due
to the ambiguity of the transcript, i.e., the examples are
shown in the Appendix, redundant and noisy words are re-
moved before generating language embeddings (redundant
and noisy words mean the words that appear more than three
times in a row due to the live-streamer’s speaking error).

The previous work [41, 9, 32] which took advantage of
the alignment of vision and language features inspired us to
assume that there should be a relationship and dependency
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Figure 5. The framework of LiveSeg for unsupervised multimodal Livestream video temporal segmentation.

between visual and language features. [10, 40, 72, 12, 35]
find that Optimal Transport shows tremendous power in
sequence-to-sequence learning. In addition, [9, 80] find that
Gromov Wasserstein Distance shows even better perfor-
mance in measuring the distances in counterpart domains.
Canonical Correlation Analysis, a well-known approach to
exploring the correlation between different modalities, has
been studied in many previous works for its ability to recog-
nize the cross-domain relationship [4, 79, 78, 25]. [67, 44]
showed that Bayesian Nonparametric Models performed
well on temporal segmentation task, especially under unsu-
pervised settings, which stands as a good candidate for our
TSLLV task. Therefore, we adopt Deep Canonical Corre-
lation Analysis [4] to encode the dependency for a hierar-
chical feature transformation. The networks transform raw
visual features V1 to high-level visual features V2 with the
transformation f(V1), and transform raw language features
L1 to high-level language features L2 with the transforma-
tion g(L1). Then we compute the Wasserstein Distance
(WD) on the high-level temporal visual features V2 and lan-
guage features L2. We also calculate the Gromov Wasser-
stein Distance (GWD) and Canonical Correlation Analysis
(CCA) on the two different modalities at the same times-
tamp, then use Bayesian Nonparametric models [33] to seg-
ment the Livestream videos temporally. The details of each
part are introduced in the following paragraphs and sec-
tions. More details about WD, GWD, and CCA can also
be found in the Appendix.

Wasserstein Distance Wasserstein Distance (WD) is in-
troduced in Optimal Transport (OT), which is a natural
type of divergence for registration problems as it accounts
for the underlying geometry of the space, and has been
used for multimodal data matching and alignment tasks
[9, 80, 39, 15, 27, 50]. In Euclidean settings, OT introduces
WD W(µ, ν), which measures the minimum effort required
to “displace” points across measures µ and ν, where µ and
ν are values observed in the empirical distribution. In our

setting, we compute the temporal-pairwise Wasserstein Dis-
tance on both visual features and language features, consid-
ering each feature vector representing each frame or tran-
script embedding. The temporal-pairwise WD on both vi-
sual and language features encodes the temporal difference
and consistency within the same domain.

Gromov Wasserstein Distance Classic OT requires
defining a cost function across domains, which can be chal-
lenging to implement when the domains are in different di-
mensions [53]. Gromov Wasserstein Distance (GWD) [46]
extends OT by comparing distances between samples rather
than directly comparing the samples themselves. In our
framework, the computed GWD across domains is to cap-
ture the relationship and dependencies between visual and
language domains.

CCA and DCCA Canonical Correlation Analysis (CCA)
is a method for exploring the relationships between two
multivariate sets of variables, which can learn the linear
transformation of two vectors in order to maximize the cor-
relation between them, which is used in many multimodal
problems [4, 51, 42, 7, 24, 43]. In our problem, we ap-
ply CCA to capture the cross-domain relationship of visual
features V2l and language features L2l. To obtain V2 and
L2, DCCA is applied in the framework for nonlinear fea-
ture transformation. The parameters are trained to optimize
this quantity using gradient-based optimization by taking
the correlation as the negative loss with backpropagation to
update the nonlinear transformation model [4]. More details
can be found in the Appendix.

4.1.1 Bayesian Nonparametric Model

We used Hierarchical Dirichlet Process Hidden semi-
Markov Model (HDP-HSMM) to generate the video seg-
ments for modeling [33, 21], which can infer arbitrarily
large state complexity from sequential and time-series data.
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More discussion about HMM, HSMM, and their drawbacks
are introduced in the Appendix.

The process of HDP-HSMM is illustrated in Fig. 6. In
the model, zi denotes the classes of the segments, β denotes
an infinite-dimensional multinomial distribution, which is
generated from the GEM distribution and parameterized by
γ [47]. GEM denotes the co-authors Griffiths, Engen, and
McCloskey, with the so-called stick-breaking process (SBP)
[60]. The probability πi denotes the transition probability,
which is generated by the Dirichlet process and parameter-
ized by β [68]:

β | γ ∼ GEM(γ), πi | α, β ∼ DP(α, β), i = 1, 2, · · · ,∞ (1)

where γ and α are the concentration parameters of the
Dirichlet processes (DP). The probability distribution is
constructed through a two-phase DP named Hierarchical
Dirichlet process (HDP) [68, 44]. The class zi of the ith
segment is determined by the class of the (i− 1)th segment
and transition probability πi.

Figure 6. Graphical model of HDP-HSMM

In HSMM, state transition probability from state i to j
can be defined as πi,j = p (xt+1 = j | xt = i), then the
transition matrix can be denoted as π = {πi,j}|χ|i,j=1, where
|χ| denotes the number of hidden states. The distribution
of observations yt given specific hidden states is denoted by
p (yt | xt, θi), where θi denotes the emission parameter of
state i. Then the HSMM can be described as:
xs | xs−1 ∼ πxs−1

, ds ∼ g (ωs) , yt | xs, ds ∼ F (θxs
, ds)

(2)
where F (·) is an indexed family of distributions, the proba-
bility mass function of ds is p (dt | xt = i), g (ωs) denotes
a state-specific distribution over the duration ds, and ωs de-
notes the parameter priori of the duration distributions.

In HDP, let Θ be a measurable space with a probability
measure H on the space, γ is a positive real number named
the concentration parameter. DP(γ,H) is defined as the
distribution of the random probability measure of G over
Θ. For any finite measurable partition of Θ, the vector is
distributed as a finite-dimensional Dirichlet distribution:

G0 ∼ DP(γ,H), G0 =
K∑

k=1

βkδθk , θk ∼ H,β ∼ GEM(γ) (3)

where θk is the distribution of H , β ∼ GEM(γ) represents
the stick-breaking construction process of the weight coef-

ficient [45, 85], and δθ is the Dirac function. The model can
be written as:

θi ∼ H(λ), i = 1, 2, · · · ,∞, zs ∼ π̄zs−1 , s = 1, 2, · · · , S (4)

Ds ∼ g (ωzs ) , s = 1, 2, · · · , S, ωi ∼ Ω (5)

x
t1s:t

Ds+1
s

= zs, y
t1s:t

Ds+1
s

∼ F (θxt) (6)

where πi is the distribution parameter of hidden state se-
quence zs, implying that HDP provides an infinite number
of states for HSMM, Ds is the length distribution of the
state sequence with distribution parameter ω, and yts is the
observation sequence with distribution parameter θi [49].

For parameter inference of the HDP-HSMM model, a
weak-limit Gibbs sampling algorithm is applied [33]. The
weak limit approximation transforms the infinite dimension
hidden state into finite dimension form so that the hidden
state chain can be updated according to the observation data
[49]. It is assumed that the basic distribution H(·) and the
observation series distribution F (·) are conjugated distribu-
tions, the hidden states distribution g(·) is a Poisson dis-
tribution, and the hidden states distribution and the obser-
vation series distribution are independent. We first sample
the weight coefficient β and the state sequence distribution
parameter πi:

β | γ ∼ Dir(γ/S, · · · , γ/S) (7)

πi | α, β ∼ Dir (αβ1, · · · , αβs) j = 1, · · ·S (8)

Then we sample the observation distribution parameters θi
and state duration distribution parameter ωi according to
observation data. It is assumed that the observed data obey
a multivariate Gaussian distribution, the model parameters
θi = (ui,Σi) obey the Normal–Inverse–Wishart distribu-
tion:

NIW (u,Σ | v0,∆0, µ0, S0) ≜ N(µ | µ0, S0) ∗ IW (Σ | v0,∆0)
(9)

where φ = {u0, S0, v0,∆0} are prior parameters, µ0 and
S0 are the prior mean and co-variance matrices, and ν0
and ∆0 are the degrees of freedom and scale of NIW dis-
tribution. The state duration distribution is a Poisson dis-
tribution, and parameter ωi follows a Beta distribution:
ω ∼ Beta (η0, σ0). Then we update parameters according
to the observation data [33, 19].

4.1.2 Final Segmentation Boundaries

The raw output from the Bayesian nonparametric model
contains both short and long segments, but the short seg-
ment may not contain comprehensive information, which
will be useless as the final results. So we used a heuristic-
based method to group the small segments into the large
ones. The method is straightforward, where a parameter ls
defines the minimum length of the generated segments, if
there is a segment shorter than ls, then we compute the vi-
sual and textual similarity of this small segment with the
two adjacent segments, and group the small segment into
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the one with higher similarity. Since these small segments
are mostly due to the live-streamer abruptly zooming in/out
or randomly chatting about something unrelated to the main
topic, which has little influence on the segmentation results
(i.e., a small part inside a big chunk), we just used this
simple method to make the results look more cleaner. The
method introduced a parameter ls, defined as the minimum
length of the generated segments, which is used to hierar-
chically group the generated small segments into the bigger
ones to eliminate the effect caused by small segments.

4.2. Baseline Methods

We select several strong and representative baseline
methods for comparison, which include:

• Hierarchical Cluster Analysis (HCA) HCA aims at
finding discrete groups with varying degrees of sim-
ilarity represented by a similarity matrix [17, 14],
which produces a dendrogram as the intermediate re-
sult. The distance for the Livestream video setting is
defined as: d = αbdt + (1 − αb)df , where dt is the
timestamp distance, df is the feature content distance,
and αb is a balance parameter. Feature points repre-
senting content get separated further apart when the
time distance of corresponding features is large.

• TransNet V2 Soucek et al. proposed TransNet V2
model for shot transition detection [65], which can also
generate segmentation results and showed better per-
formance than previous method [66].

• Hecate Song et al. proposed the Hecate model to
generate thumbnails, animated GIFs, and video sum-
maries from videos [63], where shot boundary detec-
tion is one of the steps. This step will be used to com-
pare with the other baseline methods as well as our
method.

• Optimal Sequential Grouping (OSG) Rotman et al.
proposed video scene detection algorithms based on
the optimal sequential grouping [56, 57], which in-
cluded finding pairwise distances between feature vec-
tors and splitting shots into non-intersecting groups by
optimizing a distance-based cost function.

• LGSS Rao et al. proposed a local-to-global scene seg-
mentation framework (LGSS) [52], which used mul-
tiple features extracted by ResNet50, Faster-RCNN
[55], TSN [73], and NaverNet [13]. The temporal seg-
mentation step is based on PySceneDetect [8].

5. Experiments and Results
5.1. Temporal Segmentation on MultiLive Dataset

For Livestream videos, the raw visual feature dimension
is 2,048, and the raw language feature dimension is 384
extracted by pre-trained-BERT models from Huggingface4.

4https://huggingface.co/

For the hierarchical transformation performed by DCCA,
the network architecture and parameters are shown in the
Appendix. In our experiments, we set ls to one minute. To
make a fair comparison, we also applied the post-processing
step in Sec 4.1.2 to all the baselines.

Due to the characteristic of Livestream videos, the video
frames and transcripts are not perfectly aligned with the seg-
ments. Besides, different people segment the same video
differently due to human preferences, which also needs to
be considered. We performed the TSLLV task using base-
line methods in Section 4.2 and our LiveSeg method on the
MultiLive dataset. We evaluate the performance of differ-
ent methods on the 1,000 annotated videos. Comparison
results of baseline methods, our method, and human anno-
tations for one Livestream video are shown in Fig. 7. We
can see that scene transition detection methods will gener-
ate inaccurate segments as the visual change is noisy for
Livestream videos. However, many essential boundaries
will be missed if simply improving the clustering thresh-
old. Compared with existing methods, our results are more
accurate and can be comparable with human annotations.

Figure 7. Comparison of boundary candidates by different meth-
ods, from top to bottom: (1) HCA [14], (2) TransNet V2 [66], (3)
Hecate [63], (4) OSG [57], (5) LGSS [52], (6) ours (LiveSeg), and
(7) Human Annotations.

Table 5. Comparison of segmentation results.
Methods Backbone Modality Precision Recall F1-score

HCA [14] HCA Visual 0.482 0.487 0.484
TransNet V2 [66] ResNet-18 Visual 0.536 0.525 0.530

Hecate [63] Clustering Visual 0.539 0.533 0.536
OSG [57] DP Visual 0.574 0.557 0.565
LGSS [52] Bi-LSTM Visual 0.587 0.581 0.584

LiveSeg-Visual LiveSeg Visual 0.591 0.666 0.626
LiveSeg-Language LiveSeg Language 0.589 0.568 0.578

LiveSeg-Multimodal LiveSeg Multimodal 0.673 0.697 0.685

For quantitative analysis, tolerance interval ωt is intro-
duced. The correctness of the segmentation is judged at
each position of this interval: a false alarm is declared if the
algorithm claims a boundary in the interval while no refer-
ence boundary exists in the interval, and a miss is declared
if the algorithm does not claim a boundary in the interval
while a reference boundary exists in the interval [18]. In
our experiment, we set ωt to one minute, and we adopt pre-
cision, recall, and F1-score metrics to compare the perfor-
mance of our results with human annotations. As shown in
Table 5, our segmentation results outperform other baseline
results. Besides, considering modality, multimodal segmen-
tation outperforms single modality results, showing that the
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relationship learned between the visual domain and the lan-
guage domain can truly benefit temporal segmentation.

5.2. Ablation Study

Multiple heuristics could have an impact on the segmen-
tation performance, such as tolerance interval ωt and the pa-
rameters in the Bayesian nonparametric model. We carried
out several ablation experiments on the influence of differ-
ent parameters with multimodal features, where the results
are shown in Table 6 and Fig. 8. More detailed results are
shown in the Appendix due to the page limit.

Figure 8. Segmentation performance with different parameters
(Red: precision; Blue: recall; Green: F1-score).

Table 6. Comparison of performance with different interval ωt.

ωt Precision Recall F1-score
0.5 min 0.608 0.672 0.627
1.0 min 0.673 0.697 0.685
1.5 min 0.605 0.666 0.621
2.0 min 0.600 0.659 0.615
2.5 min 0.598 0.653 0.610
3.0 min 0.595 0.647 0.605

We also provided an ablation study on different compo-
nents, since only using WD is the same as LiveSeg-Visual
and LiveSeg-Language, so we provide additional ablation
study results on GWD and CCA. In Table 7, we can find that
combining all of them (LiveSeg-Multimodal) can achieve
better performance than using only one of the components.

Table 7. Ablation study of different components.

Precision Recall F1-score
GWD 0.622 0.673 0.646
CCA 0.603 0.654 0.615

WD (LiveSeg-Visual) 0.591 0.666 0.605
WD (LiveSeg-Language) 0.589 0.568 0.606

5.3. Comparison on Other Datasets

In addition, we compare our method with state-of-the-
art unsupervised video summarization method [5] on the
famous video summarization benchmark datasets, SumMe
[26] and TVSum [64]. We used the same key-fragment-
based approach for evaluation [82], where the similarity be-
tween a machine-generated and a user-defined ground-truth
summary is represented by expressing their overlap using

the F-Score. For a given video and a machine-generated
summary, this protocol matches the latter against all the
available user summaries for this video and computes a set
of F-Scores. More details of this experiment are shown in
the Appendix. Table 8 shows the comparison F1-score of
our method with SUM-GAN [5], our method can still show
slightly better results on the SumMe dataset and competitive
results on the TVSum dataset, which clearly demonstrated
the effectiveness of our method.

Table 8. Comparison with SOTA unsupervised baseline on tradi-
tional video summarization datasets.

F1-score LiveSeg SUM-GAN [5]
SumMe 51.3 50.8
TVSum 60.9 60.6

6. Discussion of Limitation and Future Work
The current method targets long Livestream videos,

which shows better performance than existing ones, given
that the current setting of both visual input and language in-
put are highly noisy. However, it may not work better than
supervised methods on short videos where scene change is
clear, under which supervised methods could perform bet-
ter when large-scale labeled training samples are available.
However, the collected training samples highly constrain
the generability and robustness of those approaches.

Due to the fact that labeling large-scale long videos is
time-consuming and expensive, so the current annotation
result can be considered as the average result, which ensures
the general quality, while may not preserve the nature that
individual annotator may have different preferences, which
can be useful as user-study materials. In future work, we
will execute annotations for the same videos by different
annotators separately, for evaluation and verification, which
could provide human upper bound and future insights.

7. Conclusion
In this paper, we proposed LiveSeg, an unsupervised

multimodal framework, focusing on temporal segmentation
of long Livestream video (TSLLV) task, which has not been
explored before. We collected a large Livestream video
dataset named MultiLive, and provided human annotations
of 1,000 Livestream videos for evaluation. By quantitative
analysis and human evaluation of our experimental results,
we demonstrated that our model is able to generate high-
quality temporal segments, which established the basis for
Livestream video understanding tasks and can be extended
to many real-world applications.
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