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SGWIB: Sliced Gromov–Wasserstein Information
Bottleneck for Video Highlight Detection

Hanjuan Huang, Yung-Chieh Yeh, and Hsing-Kuo Pao

Abstract—Video highlight detection aims to identify tempo-
rally important segments that capture the most informative
or engaging events in a video. Reliable prediction therefore
requires not only discriminative segment representations but also
preservation of the temporal relationships among neighboring
and distant segments. The information bottleneck principle has
proven effective for learning compact and task-relevant rep-
resentations, yet it has not been explored for video highlight
detection, and applying conventional formulations directly would
overlook inter-segment relational structure and distort highlight-
relevant temporal organization during compression. We therefore
introduce the Sliced Gromov–Monge Gap (SGMG), a structure-
aware regularizer that measures the excess relational distortion
induced by a prescribed source-to-bottleneck mapping relative to
an optimal sliced structural correspondence. Building on SGMG,
we develop SGWIB, an information-bottleneck framework for
single-modal video highlight detection that learns compact bot-
tleneck representations while preserving inter-segment temporal
structure. We further introduce Home–Away-Related Contextual
Pseudo-Labels and a contextual disentanglement module that
reduce sports-specific contextual bias by separating highlight-
oriented information from contextual patterns. Experiments on
MrHiSum and MoSu show that SGWIB attains the best Kendall’s
τ , Spearman’s ρ, mAP@50, and mAP@30 among the compared
single-modal methods on both datasets. On MrHiSum, the visual
model improves the strongest previous results by 0.031, 0.031,
0.87, and 0.75 on these four metrics, respectively. These results
show that structure-aware information-bottleneck regularization
combined with contextual disentanglement improves segment-
level highlight prediction.

Index Terms—Video highlight detection, information bottle-
neck, Gromov–Wasserstein distance, representation learning,
video understanding.

I. INTRODUCTION

Video highlight detection (VHD) aims to identify tempo-
rally important segments and assign each segment an im-
portance score, supporting applications such as video brows-
ing, summarization, retrieval, and content recommendation.
The importance of a segment depends not only on its local
content but also on its relation to surrounding segments.
Effective VHD therefore requires both discriminative segment
representations and reliable preservation of temporal relational
structure.

Recent studies have advanced VHD through online pre-
diction, test-time adaptation, hierarchical temporal modeling,
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multimodal interaction, and pretrained vision–language mod-
els [1]–[6]. Two challenges nevertheless remain insufficiently
explored. First, learned representations may retain redundant
or task-irrelevant contextual information. Sports videos make
this especially visible: crowd responses, venue acoustics, cam-
era activity, and broadcast patterns correlate with highlight
events without providing stable evidence of event importance.
Second, compressing high-dimensional video representations
without explicitly accounting for inter-segment relations can
distort the temporal organization needed to separate salient
events from their surrounding context.

The information bottleneck (IB) principle offers a natural
mechanism for learning compact representations that retain
task-relevant information while suppressing unnecessary de-
pendence on the input [7]. IB has been explored in related
video and sequential representation-learning tasks [8]–[11],
but to our knowledge it has not been systematically investi-
gated for VHD. More importantly, conventional variational IB
methods approximate the compression term by the Kullback–
Leibler divergence between the encoder posterior and a prede-
fined prior [12]. Such prior matching is computationally cheap,
yet it does not explicitly preserve the relational geometry
among temporal segments, and under strong compression
it may alter both local neighborhoods and global temporal
organization. The Gromov–Wasserstein information bottleneck
(GWIB) offers a structure-aware alternative by relating empiri-
cal kernelized dependence to the Gromovized Monge gap [13],
but full Gromov–Wasserstein optimization is prohibitively
expensive for long and high-dimensional video sequences.

To resolve this structure–efficiency trade-off, we introduce
the Sliced Gromov–Monge Gap (SGMG), a sliced approx-
imation of the Gromovized Monge gap that measures the
excess relational distortion induced by a prescribed source-
to-bottleneck mapping relative to an optimal sliced structural
correspondence. Building on SGMG, we develop SGWIB,
a Sliced Gromov–Wasserstein Information Bottleneck frame-
work for single-modal VHD. SGWIB jointly learns a stochas-
tic bottleneck representation and a segment-level highlight
predictor, encouraging compact task-relevant representations
while preserving inter-segment temporal organization. By
exploiting the closed-form one-dimensional sliced Gromov–
Wasserstein optimum over multiple fixed random projections,
together with normalized temporal coordinates and validity
masking, SGMG remains tractable where full GW optimiza-
tion is not. We further establish an information-theoretic
interpretation in which the expected SGMG controls an upper
bound on empirical sliced kernelized dependence, without
claiming an exact bound on Shannon mutual information.
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To reduce sports-specific contextual bias, we further intro-
duce Home–Away-Related Contextual Pseudo-Labels (HAR-
CPLs) and an HAR-CPL-guided Contextual Disentanglement
Module (HAR-CDM). HAR-CPLs provide weak video-level
contextual supervision for sports videos, while HAR-CDM
separates the backbone representation into task-oriented and
context-oriented components. Orthogonality regularization ap-
plies to all valid videos to reduce redundancy between the
two branches, whereas HAR-CPL-based pseudo-environment
supervision is activated only for sports videos. SGWIB then
regularizes the structural compression of the task-oriented
representation, again for all valid videos. The two modules
therefore act at different levels: HAR-CDM reduces unstable
contextual correlations, while SGMG preserves task-relevant
temporal structure during bottleneck compression. The visual
and audio models follow the same formulation but are trained
independently, without cross-modal interaction.

Experiments on MrHiSum and MoSu show that SGWIB
consistently improves temporal importance ranking and high-
light retrieval. On the primary visual branch, it attains the best
Kendall’s τ , Spearman’s ρ, mAP@50, and mAP@30 among
the compared methods on both datasets. Ablation studies con-
firm the complementary effects of HAR-CDM and SGWIB,
while comparisons with KL-based bottleneck regularization
show more favorable task-level performance and substantially
stronger structural preservation at modest additional training
cost.

The main contributions are summarized as follows:
• We introduce SGMG, a mapping-aware structural regular-

izer that quantifies the excess relational distortion induced
by a prescribed source-to-bottleneck mapping relative to
an optimal sliced structural correspondence.

• We develop SGWIB, an information-bottleneck frame-
work for single-modal VHD. By combining stochastic
bottleneck learning with time-aware and validity-mask-
aware SGMG regularization, it provides a structure-aware
alternative to KL-based prior matching while avoiding the
cost of full GW optimization.

• We provide an information-theoretic interpretation of
SGMG by showing that its expectation controls an up-
per bound on empirical sliced kernelized dependence,
supporting its use as a tractable structural compression
regularizer.

• We introduce HAR-CPL-guided contextual disentangle-
ment to reduce sports-specific contextual bias, and show
through extensive experiments that HAR-CDM and SG-
WIB bring complementary benefits in highlight predic-
tion, structural preservation, and computational efficiency.

II. RELATED WORK

Video highlight detection aims to identify temporally salient
segments that capture important events within a video. Early
and representative video summarization methods mainly fo-
cused on modeling temporal importance from visual features.
VASNet employs self-attention to capture long-range temporal
dependencies [14], while PGL-SUM combines global and
local attention for more effective temporal modeling [15].

Generative approaches such as SUM-GAN [16] and AC-
SUM-GAN [17] learn compact summaries through adversarial
reconstruction, whereas iPTNet jointly models temporal de-
pendencies for importance prediction [18].

More recent studies have improved VHD from the per-
spectives of cross-category generalization, feature decom-
position, contextual modeling, and pretrained representation
transfer. The SL-module promotes cross-category highlight
learning through representation decomposition and semantic
alignment [19], while related feature decomposition strategies
further separate highlight-relevant information from category-
specific variations [20]. CSTA strengthens contextual tem-
poral modeling for highlight prediction [21], and SummDiff
introduces diffusion-based representation learning for video
summarization [22]. Highlight-CLIP further exploits trans-
ferable knowledge from pretrained vision–language models
[23], while unsupervised audio–visual recurrence has been
used to construct pseudo-highlight supervision without manual
annotations [24].

Multimodal and query-conditioned approaches additionally
exploit visual, audio, and textual information through video–
text matching, contrastive learning, and cross-modal interac-
tion [25]–[28]. More recent methods employ Video-LLMs,
context-aware alignment, LLM-generated supervision, or test-
time adaptation to improve semantic understanding and gen-
eralization [5], [29]–[31].

Despite these advances, existing VHD methods primarily
focus on enhancing feature representations, temporal model-
ing, semantic alignment, generative summarization, or multi-
modal interaction, whereas the effect of representation com-
pression on inter-segment temporal relational structure remains
largely unexplored. Our work addresses this complementary
problem through a structure-aware information bottleneck tai-
lored to VHD. Specifically, HAR-CDM separates task-oriented
representations from sports-related contextual variations, while
SGWIB regularizes the source-to-bottleneck transformation to
preserve inter-segment relational structure during compression.

A. Information Bottleneck and Structural Dependence

The information bottleneck (IB) principle seeks a compact
representation that preserves target-relevant information while
discarding redundant dependence on the input [7]. Its varia-
tional formulation enables end-to-end stochastic optimization
through reparameterization [12], and has been applied to
video action recognition, temporal representation learning,
multimodal learning, and other representation-learning tasks
[8], [32]–[35]. However, conventional variational IB typically
approximates the compression term through the KL divergence
between the encoder posterior and a predefined prior, which
constrains latent capacity but does not explicitly preserve the
relational geometry induced by the bottleneck mapping.

Alternative dependence measures have therefore been devel-
oped to avoid or complement KL-based compression. MINE
estimates mutual information through a neural variational
lower bound [36], CLUB constructs a contrastive upper bound
for mutual-information minimization [37], and the Conditional
Entropy Bottleneck reformulates compression according to
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the minimum necessary information principle [38]. Optimal-
transport-based approaches further provide geometry-aware
dependence measures, such as the Wasserstein Dependency
Measure [39]. More recently, GWIB relates empirical ker-
nelized dependence to the Gromovized Monge gap, introduc-
ing structural information into bottleneck regularization [13].
Nevertheless, full Gromov–Wasserstein optimization remains
computationally expensive for long video sequences.

Different from these methods, we introduce the Sliced
Gromov–Monge Gap (SGMG) as a mapping-aware structural
compression surrogate for single-modal video representations.
SGMG measures the excess relational distortion induced by
the prescribed mapping from X̃m to Zm relative to an optimal
one-dimensional sliced structural correspondence. By exploit-
ing the identity or reversed correspondence of one-dimensional
SGW [40] and aggregating the resulting gap over multi-
ple random projections, SGMG provides a computationally
tractable means of preserving temporal relational structure. It
is used as a structure-aware compression surrogate rather than
as an exact estimator or universal variational upper bound of
Shannon mutual information I(X̃m;Zm).

III. METHODOLOGY

A. Problem Definition and Notation

1) Problem Definition: Given a video represented as a
sequence of temporal segments, video highlight detection
assigns a continuous importance score to each valid segment.
Let Vtrain = {1, . . . , N} denote the training-video index set.
The training set is

Dtrain =
{(

X̃v
b , X̃

a
b ,yb,Mb, cb

)}N
b=1

, (1)

where X̃v
b and X̃a

b are the padded visual and audio sequences,
yb ∈ RL is the segment-level highlight-score sequence,
Mb ∈ {0, 1}L is the temporal validity mask, and cb ∈ {0, 1}
indicates whether the video belongs to a sports category.

For modality m ∈ M = {v, a}, an independently optimized
modality-specific model predicts ŷmb ∈ RL. The objective is to
accurately estimate highlight scores at valid temporal positions
while suppressing task-irrelevant contextual information and
limiting distortion of temporal relational structure.

2) Notation: The principal notation is summarized in Ta-
ble I. The video index b is omitted in single-video module-
level formulations and restored for dataset-level statistics and
mini-batch aggregation.

B. Framework Overview

Figure 1 illustrates SGWIB, consisting of a modality-
specific backbone, HAR-CDM, an SGMG-regularized stochas-
tic bottleneck, and a segment-level highlight predictor. The
backbone extracts temporally aligned features from the padded
sequence. HAR-CDM then decomposes them into task-
oriented and context-oriented representations using orthogo-
nality regularization and sports-specific pseudo-environment
supervision. The task-oriented representation is passed through
a multiplicative stochastic channel that preserves the fea-
ture dimension, while SGMG compares the detached source

TABLE I
SUMMARY OF THE PRINCIPAL NOTATION.

Symbol Description

m ∈ M = {v, a} Modality index for visual (v) and audio (a).
X̃m ∈ RL×dm Padded source sequence; also the detached source-side

geometry reference of SGMG.
M, I, n Temporal validity mask, valid index set, and n = |I|.
y, ŷm Ground-truth and predicted highlight-score sequences.
Xm Backbone representation.
Hm,Xm

spu Task-oriented and context-oriented representations from
HAR-CDM.

sm, Zm Stochastic channel scale shared over time, and the
resulting bottleneck representation.

c, s Sports-category indicator and sports-supervision mask.
em, τm, yenv,m Contextual activity measure, its median threshold, and

the binary pseudo-environment label.
θm
p ∈ Rdm+1 Fixed unit projection direction, p = 1, . . . , P .

C
m,(p)
map , C

m,(p)
SGW Mapping cost and sliced structural reference of slice p.

βm, γm Weights of Lm
SGMG and of the two HAR-CDM terms

in Eq. (21).

geometry X̃m with the bottleneck geometry over multiple
one-dimensional projections to constrain compression-induced
relational distortion. Finally, the bottleneck representation is
mapped to segment-level highlight scores. Visual and audio
branches follow the same formulation but use separate param-
eters and are optimized independently.

C. Backbone Module

For modality m ∈ M, the backbone receives the padded
source sequence X̃m and validity mask M:

Xm = Em

(
X̃m,M

)
, Xm ∈ RL×dm , (2)

where L is the padded sequence length and dm is the feature
dimension. The backbone preserves the input dimension, so
X̃m and all downstream representations share the same feature
space, which allows SGMG to compare the input and bottle-
neck geometries directly. The mask entry Mt = 1 denotes a
valid temporal segment and Mt = 0 denotes padding. The
same validity mask is used in temporal feature extraction,
geometry construction, and loss computation so that padded
positions do not affect optimization.

The temporal mask M is distinct from the sports-
supervision mask s introduced below: M handles variable-
length sequences, whereas s determines whether a video
contributes to pseudo-environment supervision.

D. HAR-CPL-Guided Contextual Disentanglement

Given Xm, HAR-CDM separates information useful for
highlight prediction from contextual variations that may be
spuriously correlated with highlights. This issue is particu-
larly relevant to sports videos, where crowd responses, venue
acoustics, camera activity, and broadcast behavior may cor-
relate with salient events without providing stable evidence
of event importance. We therefore construct modality-specific
Home–Away-Related Contextual Pseudo-Labels (HAR-CPLs)
as weak video-level supervision for the context-oriented
branch.
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Fig. 1. Overview of the proposed SGWIB framework. The visual and audio branches follow the same formulation but are optimized independently.

Our disentanglement follows the causal attention formu-
lation of CAAM [41], which partitions a self-attention map
into causal and confounding streams. Whereas CAAM dis-
covers the partition through self-annotation driven by task
labels alone, we follow [42] in supplying explicit pseudo-
environment labels as a weak supervisory signal, since task
labels by themselves cannot expose the home–away contextual
factor in our setting. Unlike [42], which removes environment-
related information outright, we retain it and only indicate
which component carries a large contextual load, because
in highlight detection such factors are not always causally
irrelevant to salient events.

1) Sports-Video Selection and Pseudo-Environment Labels:
Let cb = 1 indicate a sports video. The sports subset and
supervision mask are

Ssports = {b ∈ Vtrain | cb = 1} ,
sb = I [b ∈ Ssports] = cb.

(3)

For sports video b, let Ib denote its valid temporal indices,
nb = |Ib|, and {x̃mb,t}t∈Ib

its valid segment features. Contex-
tual activity is measured differently for the two modalities:
audio features carry acoustic intensity directly in their magni-
tude, whereas the magnitude of visual features reflects scene
content rather than activity, so temporal variation is the more
informative signal. We therefore use root-mean-square feature
energy for audio and the average variation between adjacent
valid features for video:

eab =

√√√√ 1

nbda

∑
t∈Ib

da∑
j=1

(
x̃ab,t,j

)2

,

evb =


1

nb − 1

nb−1∑
r=1

∥∥∥x̃vb,tr+1
− x̃vb,tr

∥∥∥
2
, nb ≥ 2,

0, nb < 2,

τm = Median {emb | b ∈ Ssports} ,
yenv,mb = I [emb ≥ τm] .

(4)

Here, t1 < · · · < tnb
are the ordered valid temporal indices.

The modality-specific threshold τm is estimated only from the
sports subset of the training data. Both activity measures are
non-negative and right-skewed, so the median is used instead
of the mean to keep the two pseudo-environments balanced
in size. The binary label yenv,mb distinguishes relatively low
and high contextual activity; it is neither a true home–away
identity nor a segment-level highlight annotation.

2) Contextual Representation Disentanglement: HAR-
CDM decomposes the backbone representation into task-
oriented and context-oriented components:

(
Hm,Xm

spu

)
= HAR-CDMm (Xm,M) . (5)

The two components are produced by a shared multi-head
attention layer whose logits are used with opposite signs:

Am
causal = softmax

(
Qm(Km)⊤√

dh
+B

)
,

Am
spu = softmax

(
−Qm(Km)⊤√

dh
+B

)
,

(6)

where dh is the per-head dimension and B is an additive
padding bias that suppresses invalid keys. The two attention
maps share the same value projection Vm, so the branches
differ only in how they aggregate context. The task-oriented
branch is combined with a residual connection before nor-
malization, so that it retains the original sequence information
required for highlight prediction, whereas the context-oriented
branch keeps only the attended component and is therefore en-
couraged to carry contextual rather than task-relevant content.

The context-oriented branch is supervised by the sports-
only pseudo-environment loss, and an orthogonality regular-
izer penalizes the squared cosine similarity between the two
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representations at every valid position:

Lmspu =

∑
b∈B

sb ℓenv (ŷ
env,m
b , yenv,mb )∑

b∈B

sb + ε
,

Lmortho =

∑
b∈B

L∑
t=1

Mb,t


〈
hmb,t,x

m
spu,b,t

〉
∥∥∥hmb,t∥∥∥

2

∥∥∥xmspu,b,t∥∥∥
2

2

∑
b∈B

L∑
t=1

Mb,t + ε

,

(7)

where ŷenv,mb = gmspu(PoolM(Xm
spu)) is produced by a lin-

ear classification head on the mask-averaged context rep-
resentation, ℓenv is the binary cross-entropy over the two
pseudo-environments, and ε > 0 prevents division by
zero.Importantly, Lmspu is activated only for sports videos,
whereas Lmortho is applied to all valid videos. Both terms share
the single HAR-CDM coefficient γm in the total objective.
The resulting task-oriented representation Hm is passed to
SGWIB, while X̃m is retained as the detached source-side
geometry reference.

E. Sliced Gromov–Monge Gap

SGWIB constructs a stochastic bottleneck from Hm using
Gaussian reparameterization, but unlike conventional varia-
tional IB, no KL-based prior-matching penalty is imposed. In-
stead, compression is regularized by SGMG, which measures
the excess relational distortion induced by the realized source-
to-bottleneck mapping relative to an optimal sliced structural
reference.

The stochastic channel scale and bottleneck representation
are

sm = µm + exp

(
1

2
ℓm

)
⊙ ϵm, ϵm ∼ N (0, I),

zmt = hmt ⊙ sm, t = 1, . . . , L,

(8)

where µm and ℓm are learnable channel-wise mean and
log-variance parameters. One sm is sampled per video and
shared across all temporal positions, avoiding independently
injected segment-wise perturbations. The bottleneck therefore
preserves the feature dimension and acts as a multiplicative
channel rather than a dimensionality-reducing encoder. During
inference, the deterministic mean scale µm is used by default.

Conditioned on a noise realization, the bottleneck induces
the deterministic mapping

ϕϵm (hmt ) = hmt ⊙ sm.

SGMG is evaluated for this realized mapping. Drawing one
sample per video in each forward pass yields a Monte Carlo
approximation of its expected stochastic objective.

1) Geometry Construction and Sliced Projection: For the
current video,

I = {t ∈ {1, . . . , L} | Mt = 1} ,
n = |I|.

(9)

SGMG compares the bottleneck geometry against a de-
tached source-side reference:

Xm
geo = LN0

(
StopGrad

(
X̃m

))
, Zmgeo = LN0 (Z

m) ,

(10)
where LN0 denotes affine-free layer normalization. Stop-
gradient fixes the source geometry while gradients propagate
through the bottleneck and its upstream mapping. Thus, the
implemented regularizer acts on the complete relational trans-
formation

X̃m −→ Zm,

rather than only on Hm → Zm.
For each valid segment t ∈ I, the temporal coordinate

is rescaled over the valid range of the current video and
mapped to ξt ∈ [−1, 1], so that ξt is defined only on I
and padded positions never enter the projection. The time-
augmented source and bottleneck features are then projected
onto P directions θmp ∈ Rdm+1 with ∥θmp ∥2 = 1, drawn
once at initialization from the unit sphere Sdm and held fixed
throughout training:

u
m,(p)
t =

〈
θmp ,

[
αtimeξt;x

m
geo,t

]〉
,

v
m,(p)
t =

〈
θmp ,

[
αtimeξt; z

m
geo,t

]〉
,

t ∈ I, p = 1, . . . , P.

(11)
The augmented vectors are (dm+1)-dimensional, with αtime

controlling the weight of the temporal coordinate relative to the
normalized features. The same projection direction is used for
source and bottleneck features so that each one-dimensional
comparison reflects structural distortion under a shared view.

2) Mapping Cost and Sliced Structural Reference: For
projection p, the mapping-induced relational cost is

Cm,(p)
map =

1

n2

∑
s,t∈I

[(
um,(p)s − u

m,(p)
t

)2

−
(
vm,(p)s − v

m,(p)
t

)2
]2

.

(12)
The normalization is taken over all n2 ordered pairs, including
the n vanishing diagonal terms. This cost evaluates preserva-
tion of pairwise relational organization under the prescribed
temporal correspondence, rather than pointwise feature recon-
struction.

For the structural reference, projected source and bottle-
neck values are sorted independently. Under equal cardinality,
uniform empirical weights, and squared-Euclidean relational
costs, the one-dimensional GW/GM optimum is attained by
either the identity or reversed correspondence:

C
m,(p)
SGW = min

{
Cm,(p)
πid

, Cm,(p)
πrev

}
. (13)

Hence, C
m,(p)
map measures the cost of the learned correspon-

dence, whereas C
m,(p)
SGW provides the optimal one-dimensional

structural reference. Sorting is used only for this reference
computation and does not alter the temporal sequence used
for highlight prediction.
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3) SGMG Regularization: The projection-level gap and
video-level regularizer are

Gm,(p) =
[
Cm,(p)

map − C
m,(p)
SGW

]
+
,

LmSGMG,vid =
1

P

P∑
p=1

Gm,(p),
(14)

where [r]+ = max(r, 0).
Restoring the video index, the mini-batch objective is

LmSGMG =
1

|B+|
∑
b∈B+

LmSGMG,vid,b,

B+ = {b ∈ B | nb ≥ 1} .
(15)

For nb = 1, the pairwise SGMG is defined as zero; videos
with no valid positions are excluded. Under the exact one-
dimensional assumptions, the gap is theoretically nonnegative,
while the positive-part operator is retained for numerical
robustness.

A smaller SGMG indicates less excess relational distortion
relative to the optimal sliced structural reference. The validity
mask Mb determines the temporal positions participating in
SGMG, whereas the sports mask sb affects only pseudo-
environment supervision. Therefore, both sports and non-
sports videos contribute to SGMG whenever they contain valid
temporal positions.

4) Information-Theoretic Interpretation: SGWIB follows
the stochastic-encoding principle of Deep VIB [12], but re-
places KL-based prior matching with SGMG as a structure-
aware dependence surrogate. For projection p and a fixed
bottleneck-noise realization, define

Um,(p) =
{
u
m,(p)
t | t ∈ I

}
, V m,(p) =

{
v
m,(p)
t | t ∈ I

}
.

Let ÎmSKMI(ϵ
m) denote empirical kernelized dependence aver-

aged over the P projected source–bottleneck pairs.
a) Proposition 1.: Conditioned on the realized upstream

representation and a fixed bottleneck-noise sample, assume
equal cardinality, uniform empirical weights, bounded normal-
ized projected supports, and consistency between the kernel
and squared-Euclidean relational cost. Then,

ÎmSKMI (ϵ
m) ≤ 1

2σ2
κ

LmSGMG,vid (ϵ
m) + Cm

κ,n, (16)

where σκ denotes the kernel bandwidth and Cm
κ,n =

1
P

∑P
p=1 C

m,(p)
κ,n is the projection-averaged Jensen-gap term,

which remains finite under the stated assumptions.
b) Proof Sketch.: Conditioned on the upstream represen-

tation and ϵm, the bottleneck becomes a deterministic cor-
respondence. Applying the empirical kernelized-dependence
bound of GWIB [13] to each projected pair gives

Îm,(p)κ,n (ϵm) ≤
C
m,(p)
map − C

m,(p)
GW

2σ2
κ

+ Cm,(p)
κ,n

=
C
m,(p)
map − C

m,(p)
SGW

2σ2
κ

+ Cm,(p)
κ,n .

(17)

Under one-dimensional squared-Euclidean costs, equal cardi-
nality, and uniform weights, the GW and Gromov–Monge op-
tima coincide and are attained by either the identity or reversed

correspondence [40]; hence C
m,(p)
GW = C

m,(p)
SGW . Averaging over

projection directions yields Eq. (16).
Affine-free layer normalization, bounded temporal coordi-

nates, and unit-norm projection directions ensure bounded pro-
jected empirical supports. Taking expectation over bottleneck
noise therefore preserves the inequality:

Eϵm

[
ÎmSKMI

]
≤ 1

2σ2
κ

Eϵm
[
LmSGMG,vid

]
+ Cm

κ,n. (18)

Drawing one reparameterized noise sample per video and
forward pass provides a Monte Carlo estimate of this expected
SGMG objective.

Proposition 1 does not upper-bound the full Shannon mu-
tual information I(X̃m;Zm). Instead, it shows that expected
SGMG controls an upper bound on empirical sliced kernelized
dependence, supporting its use as a tractable structure-aware
compression surrogate rather than an exact mutual-information
estimator.

F. SGMG-Based Information Bottleneck for Video Highlight
Detection

SGWIB follows the relevance–compression principle

max I (Zm;Y)− βmI
(
X̃m;Zm

)
, (19)

where relevance is implemented through highlight regression
and SGMG serves as a structure-aware surrogate for compres-
sion. Unlike KL-based variational IB, SGMG neither matches
Zm to a predefined prior nor constitutes an exact variational
upper bound on Shannon mutual information; instead, it regu-
larizes excess relational distortion while controlling empirical
sliced kernelized dependence.

The modality-specific scorer qψm
predicts segment-level

highlight scores from Zm:

ŷm = qψm (Zm) ,

Lmtask =

∑
b∈B

L∑
t=1

Mb,t

(
ŷmb,t − yb,t

)2
∑
b∈B

L∑
t=1

Mb,t + ε

.
(20)

Note that the scorer takes Zm as its input, whereas SGMG
contributes only a regularization term and does not lie on the
forward path.

The complete modality-specific objective combines the task
loss with two independently weighted regularizers:

Lmtotal = Lmtask + βmLmSGMG

+ γm
(
Lmortho + Lmspu

)
, m ∈ M = {v, a}.

(21)
Here βm controls SGMG-based structural compression and
γm scales the two HAR-CDM terms jointly. Although the
orthogonality constraint applies to every valid video while
the pseudo-environment supervision is restricted to the sports
subset, the two are tied to a single coefficient, so HAR-
CDM contributes one tunable weight rather than two. Visual
and audio branches use separate parameters and are trained
independently, without cross-modal alignment or fusion.
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TABLE II
SUMMARY OF THE DATASETS USED IN THE EXPERIMENTS.

Dataset Videos Categories Train/Val/Test

MrHiSum 31,892 3,509 80%/10%/10%
MoSu 52,678 3,406 60%/20%/20%

IV. EXPERIMENTS

A. Experimental Setup

1) Datasets: We evaluate SGWIB on MrHiSum and MoSu,
two large-scale video highlight detection datasets derived from
YouTube-8M [43] and annotated using YouTube Most Re-
played statistics. MrHiSum [44] contains 31,892 videos from
3,509 categories, retaining videos with more than 50,000 views
to improve annotation reliability. MoSu [45] contains 52,678
videos from 3,406 categories, corresponding to approximately
4,000 hours of content with an average duration of 272.3
seconds. MoSu provides visual, audio, and textual information,
while textual features are not used in this work.

The visual branch serves as the primary experimental set-
ting for comparison with existing VHD methods. The same
single-modal formulation is independently applied to audio
as auxiliary modality-general validation, without visual–audio
fusion or cross-modal interaction. For MrHiSum, temporally
aligned audio features are extracted from the corresponding
source videos. Table II summarizes the dataset configurations.

2) Implementation Details: The modality-specific back-
bone Em is instantiated with CSTA [21], so that the reported
gains are attributable to the proposed regularizers rather than
to a new feature extractor. Both datasets use frame-level
YouTube-8M features (dv = 1024, da = 128), and sports
videos are identified by the sports-related category labels of the
YouTube-8M taxonomy rather than by manual re-annotation,
giving 2,947 of 27,892 MrHiSum training videos (10.57%)
and 3,406 of 42,152 MoSu training videos (8.08%). The
scorer is an MLP dm → 512 → 256 → 1 with GELU, layer
normalization after the first hidden layer, dropout 0.1, and
a sigmoid output. HAR-CDM uses 8 attention heads with
dropout 0.1. For SGMG we set P = 128 and αtime = 0.6, and
initialize µm and ℓm to 1.0 and −9.0. Our implementation also
retains a gradient-reversal branch on the task-oriented pathway,
but its weight is zero in all reported experiments.

All experiments run on a single NVIDIA A100 GPU.
Each modality-specific model is independently trained
for 50 epochs with a batch size of 32 and an initial
learning rate of 1 × 10−4, with hyperparameters selected
on the validation set and the test set reserved for final
evaluation. βm and γm are selected on the validation
set over a log grid spanning 10−10 to 10−3 and the set
{5×10−4, 10−3, 5×10−3, 10−2, 5×10−2, 10−1, 5×10−1, 1},
respectively, and are varied separately for sensitivity analysis
with the other coefficient held at its selected value. The
structural-preservation analysis additionally uses βv = 10−1

as a strong-compression stress test.
3) Evaluation Metrics: Following the rank-based video-

summarization protocol [46], temporal importance prediction

is evaluated using Kendall’s τ and Spearman’s ρ, which
measure pairwise ranking concordance and monotonic as-
sociation between the predicted and ground-truth rankings,
respectively [47], [48]. For highlight retrieval, we follow
Mr. HiSum [44]: each video is divided into non-overlapping
five-second segments, and predicted and ground-truth scores
are averaged within each segment. For mAP@q, the top q%
of segments according to ground-truth importance are treated
as positives, while all segments are ranked by their predicted
scores. Average precision is computed per video and then
averaged over the test set. We report q ∈ {15, 30, 50}, where
15% and 50% follow the original protocol and 30% provides
an intermediate highlight budget. Higher values indicate better
performance for all metrics.

B. Comparison with State-of-the-Art Methods

We compare the visual instantiation of SGWIB with
representative video summarization and VHD methods, in-
cluding VASNet [14], PGL-SUM [15], iPTNet [18], the
SL-module [19], CSTA [21], SUM-GAN [16], AC-SUM-
GAN [17], and SummDiff [22]. To ensure a consistent input
setting, the main comparison is restricted to methods using
visual features at inference; the independently trained audio
branch is evaluated separately in the subsequent diagnostic
analyses.

As shown in Table III, SGWIB achieves the best Kendall’s
τ , Spearman’s ρ, mAP@50, and mAP@30 on both datasets,
and is the only method ranked first on these four met-
rics across both benchmarks. On MrHiSum, SGWIB reaches
0.192, 0.255, 66.11, and 47.22, improving over the second-
best SummDiff by 0.031, 0.031, 0.87, and 0.75, respectively.
Relative to the CSTA backbone, the gains are 0.035 in τ
and 0.045 in ρ, corresponding to relative improvements of
over 20%, together with consistent gains at all three retrieval
budgets, including +1.13 on mAP@15. On MoSu, SGWIB
attains 0.248, 0.329, 68.58, and 50.29, exceeding CSTA by
0.008, 0.011, 0.25, and 0.06. The smaller margin on MoSu
is consistent with the substantially stronger backbone perfor-
mance on this dataset (τ = 0.240 versus 0.157 on MrHiSum),
which leaves less headroom for further improvement.

Two additional observations are worth noting. First, the
improvements are more pronounced on the rank-based metrics
than on the retrieval metrics, and within the latter they decrease
as the highlight budget narrows. This pattern is consistent
with the intended effect of SGMG: preserving inter-segment
relational structure primarily benefits the global ordering of
temporal importance, whereas identifying a very small set
of top-ranked segments depends more on local discriminabil-
ity. Accordingly, SummDiff attains the highest mAP@15 on
MrHiSum, and the CSTA backbone remains slightly better
on MoSu (32.93 versus 32.65). Second, method rankings
are not stable across the two benchmarks: SummDiff is the
second-best method on MrHiSum but falls below both CSTA
and PGL-SUM on MoSu, whereas SGWIB ranks first on
τ , ρ, mAP@50, and mAP@30 on both. This suggests that
structure-aware regularization transfers more reliably across
data distributions than the compared alternatives.
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TABLE III
VISUAL-ONLY COMPARISON WITH STATE-OF-THE-ART METHODS ON MRHISUM AND MOSU. BEST AND SECOND-BEST RESULTS WITHIN EACH DATASET

ARE HIGHLIGHTED IN BOLD AND UNDERLINED, RESPECTIVELY.

Dataset Method τ ↑ ρ ↑ mAP@50↑ mAP@30↑ mAP@15↑

MrHiSum

VASNet [14] 0.068 0.100 58.67 39.67 25.21

PGL-SUM [15] 0.097 0.141 53.77 35.25 21.52

iPTNet [18] 0.020 0.029 55.53 – 22.74

SL-module [19] 0.062 0.091 58.27 38.88 24.44

SUM-GAN [16] 0.067 0.095 56.62 – 23.56

AC-SUM-GAN [17] 0.012 0.018 55.35 – 21.88

CSTA [21] 0.157 0.210 63.34 45.87 28.95

SummDiff [22] 0.161 0.224 65.24 46.47 33.31

SGWIB (Ours) 0.192 0.255 66.11 47.22 30.08

MoSu

VASNet [14] 0.143 0.207 62.82 43.75 28.50

PGL-SUM [15] 0.163 0.234 64.91 46.10 29.80

SL-module [19] 0.144 0.208 62.92 44.00 28.67

CSTA [21] 0.240 0.318 68.33 50.23 32.93

SummDiff [22] 0.171 0.245 65.76 46.22 29.96

SGWIB (Ours) 0.249 0.331 68.67 50.35 32.65

C. Qualitative Results
Figure 2 compares temporal highlight predictions on

MrHiSum, MoSu, and an additional YouTube video. Gray
regions denote ground-truth highlight intervals, colored curves
denote predicted temporal importance scores, and horizontal
bars mark the selected highlight segments. Overall, SGWIB
produces responses more concentrated within the annotated
highlight regions, whereas several competing methods exhibit
more dispersed activations or select additional segments out-
side the target intervals.

On MrHiSum, the dominant response of SGWIB closely
overlaps the main ground-truth interval, yielding an F1 score
of 87.5%. On MoSu, it focuses mainly on the central highlight
region and achieves 75.0% F1. To examine behavior beyond
the benchmark datasets, we additionally evaluate a YouTube
video with manually annotated highlight intervals. SGWIB
captures multiple temporally separated highlight regions and
achieves 85.2% F1. These examples complement the quantita-
tive evaluation by showing more temporally localized predic-
tions with stronger correspondence to the annotated highlight
structure.

D. Ablation and Diagnostic Analysis
We further examine SGWIB from five perspectives: the con-

tribution of individual components, alternative information-
bottleneck formulations, computational efficiency, structural
preservation, and hyperparameter sensitivity. The visual branch
serves as the primary setting throughout. For the component,
bottleneck-comparison, and sensitivity analyses, we addition-
ally report independently trained audio models to verify that
the observed behavior generalizes across feature modalities.

1) Component Ablation: We compare four configurations:
the backbone alone, the backbone with HAR-CDM, the back-
bone with SGWIB, and the full model. Removing HAR-CDM

disables task/context decomposition together with its orthog-
onality regularization and sports-specific pseudo-environment
supervision; removing SGWIB disables the SGMG-based bot-
tleneck regularization. For every configuration, γm and βm are
selected on the validation set.

As shown in Table IV, HAR-CDM and SGWIB each im-
prove over the backbone in most settings, and combining them
yields the strongest overall performance. On MrHiSum Visual,
the full model raises Kendall’s τ from 0.157 to 0.192 and
Spearman’s ρ from 0.210 to 0.255, and improves mAP@50,
mAP@30, and mAP@15 from 64.15, 45.87, and 28.95 to
66.11, 47.22, and 30.08, respectively. On MoSu Visual, the
full model again attains the best τ , ρ, and mAP@50, whereas
the backbone remains marginally stronger on mAP@15. The
independently trained audio models follow the same overall
trend. These results are consistent with the two modules play-
ing complementary roles: HAR-CDM encourages task/context
separation through orthogonality regularization and sports-
specific pseudo-environment supervision, whereas SGWIB
regularizes the structural compression of the task-oriented
representation across all videos, without requiring domain-
specific annotation.

2) Comparison of Information Bottleneck Formulations:
We compare conventional KLIB, full GWIB, and SGWIB
while keeping the backbone, HAR-CDM, prediction head,
regression objective, data splits, and optimization settings
unchanged wherever applicable. KLIB regularizes the latent
distribution toward a predefined prior, GWIB models relational
structure through full Gromov–Wasserstein optimization, and
SGWIB uses SGMG to quantify excess relational distortion
induced by the learned source-to-bottleneck correspondence.
KLIB and SGWIB are trained for the full 50 epochs. Because
full GW optimization is substantially more expensive, GWIB
is included only in the efficiency analysis; its limited-epoch
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TABLE IV
COMPONENT ABLATION OF HAR-CDM AND SGWIB UNDER THE BEST VALIDATION-SELECTED HYPERPARAMETERS. FOR CONFIGURATIONS THAT

INCLUDE HAR-CDM OR SGWIB, THE SELECTED γm AND βm ARE REPORTED. THE BEST AND SECOND-BEST RESULTS WITHIN EACH DATASET AND
MODALITY ARE SHOWN IN BOLD AND UNDERLINED, RESPECTIVELY.

Dataset Modality HAR-CDM SGWIB γm βm τ ↑ ρ ↑ mAP@50↑ mAP@30↑ mAP@15↑

MrHiSum

Visual

✗ ✗ – – 0.157 0.210 64.15 45.87 28.95
✓ ✗ 0.05 – 0.180 0.242 65.38 45.88 28.30
✗ ✓ – 10−8 0.181 0.242 65.66 46.79 29.40
✓ ✓ 0.01 10−6 0.192 0.255 66.11 47.22 30.08

Audio

✗ ✗ – – 0.141 0.191 63.39 45.87 28.88
✓ ✗ 0.01 – 0.173 0.230 65.22 46.86 29.74
✗ ✓ – 10−9 0.169 0.224 64.90 45.86 28.72
✓ ✓ 0.01 10−8 0.179 0.239 65.45 46.52 29.98

MoSu

Visual

✗ ✗ – – 0.240 0.318 68.33 50.23 32.93
✓ ✗ 0.01 – 0.245 0.327 68.49 50.30 32.88
✗ ✓ – 10−7 0.244 0.322 68.40 50.32 32.75
✓ ✓ 0.01 10−5 0.249 0.331 68.67 50.35 32.65

Audio

✗ ✗ – – 0.200 0.267 65.82 47.11 29.93
✓ ✗ 0.5 – 0.209 0.282 66.42 47.27 29.78
✗ ✓ – 10−4 0.207 0.277 66.22 47.17 29.82
✓ ✓ 0.5 10−3 0.215 0.288 66.50 47.37 30.04

prediction results are not directly comparable.
Table V shows that SGWIB outperforms KLIB across both

datasets and modalities. On the primary visual branch, SGWIB
improves all five metrics on MrHiSum and MoSu. The audio
branch shows the same trend, with Kendall’s τ and Spearman’s
ρ improvements of 0.013 and 0.019 on MrHiSum and 0.012
and 0.016 on MoSu, respectively. These results indicate that
replacing KL-based prior matching with SGMG yields more
favorable task-level behavior across feature modalities.

3) Computational Efficiency Analysis: Using the MrHiSum
visual branch, we compare KLIB, SGWIB, and GWIB under
identical hardware, batch size, data split, and optimization
settings. Each epoch contains 1,744 iterations, and the reported
time and throughput are averaged over 10 consecutive epochs
to reduce runtime fluctuation.

As shown in Table VI, SGWIB takes 20m 34s per epoch
against 18m 40s for KLIB, an overhead of only 10.2%. Full
GWIB instead requires 2h 15m 58s, which is 7.28× the cost
of KLIB and 6.61× that of SGWIB, and its throughput drops
from 1.56 to 0.21 iterations per second. SGWIB thus retains
nearly all of the efficiency of KLIB while providing structure-
aware regularization, whereas full Gromov–Wasserstein opti-
mization scales poorly on long video sequences. This gap also
explains why GWIB is excluded from the task-level compari-
son in Section IV-D2: running the full 50-epoch schedule for
every dataset and modality is prohibitively expensive.

4) Structural Preservation Analysis: We use the primary
visual branch to examine how KLIB and SGWIB affect tem-
poral relational structure. The analysis uses a representative
MrHiSum video with n = 98 valid segments. Let X̃v and
Zv denote the input sequence and the bottleneck representa-
tion, so that the diagnostic measures the same transformation
that SGMG regularizes during training. Their segment-level
vectors are concatenated and jointly standardized along each
feature dimension, yielding x̃v,stdt and zv,stdt .

Structural preservation is quantified by pairwise distortion,

paired shift, and centroid shift:

Dv,pre
s,t =

∥∥∥x̃v,stds − x̃v,stdt

∥∥∥
2
,

Dv,post
s,t =

∥∥∥zv,stds − zv,stdt

∥∥∥
2
,

dvmax = max

{
max
s,t∈I

Dv,pre
s,t , max

s,t∈I
Dv,post
s,t

}
,

Dv
pair =

1

n2

∑
s,t∈I

∣∣∣∣∣D
v,pre
s,t −Dv,post

s,t

dvmax + ε

∣∣∣∣∣ ,
Dv

paired =
1

n

∑
t∈I

∥∥∥x̃v,stdt − zv,stdt

∥∥∥
2
,

Dv
centroid =

∥∥∥∥∥ 1n ∑
t∈I

x̃v,stdt − 1

n

∑
t∈I

zv,stdt

∥∥∥∥∥
2

.

(22)

Dv
pair measures changes in normalized pairwise geometry,

Dv
paired the average displacement of corresponding segments,

and Dv
centroid the shift of the representation center; lower

values indicate better preservation. All three are computed
in the standardized feature space, and the normalization of
Dv

pair runs over all n2 ordered pairs. Unlike the training
objective, these diagnostics compare the two point sets directly
rather than through one-dimensional slices, so they provide an
independent view of the same structural change. For visual-
ization, the same representations are additionally embedded
into a shared two-dimensional space using t-SNE with PCA
initialization, perplexity 30, automatic learning-rate selection,
and random seed 42; since t-SNE does not strictly preserve
global distances, it serves only as a qualitative complement.

Figure 3 shows that the two regularizers are indistinguish-
able under weak compression: at βv ≤ 10−8, all three metrics
stay near their lower bounds for both methods. They separate
sharply at βv = 10−6, the validation-selected setting for the
MrHiSum visual branch, where KLIB jumps from 0.0076 to
0.0577 in pairwise distortion, from 3.11 to 24.12 in paired
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TABLE V
TASK-LEVEL COMPARISON OF KLIB AND SGWIB. ALL NETWORK COMPONENTS AND TRAINING SETTINGS ARE IDENTICAL EXCEPT FOR THE

INFORMATION-BOTTLENECK REGULARIZER. THE OPTIMAL β IS SELECTED INDEPENDENTLY ON THE VALIDATION SET.

Dataset Modality IB Formulation Optimal β τ ↑ ρ ↑ mAP@50↑ mAP@30↑ mAP@15↑

MrHiSum
Visual KLIB 10−8 0.181 0.242 65.52 47.02 29.67

SGWIB 10−6 0.192 0.255 66.11 47.22 30.08

Audio KLIB 10−8 0.166 0.220 64.78 46.05 28.99
SGWIB 10−8 0.179 0.239 65.45 46.52 29.98

MoSu
Visual KLIB 10−3 0.244 0.326 68.40 50.03 32.21

SGWIB 10−5 0.249 0.331 68.67 50.35 32.65

Audio KLIB 10−6 0.203 0.272 66.07 47.21 29.99
SGWIB 10−3 0.215 0.288 66.50 47.37 30.04

(a) MrHiSum.

(b) MoSu.

(c) YouTube video.

Fig. 2. Qualitative comparison of temporal highlight prediction on (a)
MrHiSum, (b) MoSu, and (c) an additional YouTube video. The ground-
truth highlight intervals of the YouTube example are manually annotated for
qualitative evaluation.

shift, and from 2.99 to 23.35 in centroid shift, and keeps
growing to 0.1077, 33.95, and 32.35 at βv = 10−1. SGWIB

TABLE VI
AVERAGE PER-EPOCH TRAINING COST ON THE MRHISUM VISUAL

BRANCH. EACH EPOCH CONTAINS 1,744 ITERATIONS, AND RESULTS ARE
AVERAGED OVER 10 EPOCHS. RELATIVE COST IS NORMALIZED TO KLIB.

Method Time Iters. it/s Cost

KLIB 18m 40s 1,744 1.56 1.00×
SGWIB 20m 34s 1,744 1.41 1.10×
GWIB 2h 15m 58s 1,744 0.21 7.28×

instead remains within 0.0066 to 0.0142, 2.65 to 3.79, and
2.47 to 2.99 across the same range.

Figure 4 illustrates the same contrast. Under weak com-
pression, both methods produce short and unordered displace-
ments between corresponding segments. Under the validation-
selected and high settings, KLIB transports the entire segment
set along a common direction, producing long parallel trajec-
tories, whereas the SGWIB embeddings keep each bottleneck
vector adjacent to its source counterpart. SGMG therefore
preserves temporal relational structure across the full range
of βv , while KL-based prior matching does so only when the
regularizer is too weak to compress.

5) Sensitivity to the Bottleneck Coefficient: We examine the
modality-specific bottleneck coefficient βm, which controls the
contribution of LmSGMG in Eq. (21). On MrHiSum,

Hβ =
{
10−10, 10−9, 10−8, 10−7, 10−6, 10−5

}
.

Smaller βm emphasizes highlight-score prediction, whereas
larger values impose stronger structure-aware compression.

As shown in Fig. 5, performance varies non-monotonically
with βm, and the two modalities peak at different coefficients.
The visual branch is strongest around βv = 10−6, which is the
best setting for four of the five metrics, while the audio branch
consistently peaks at βa = 10−8 on all five. The two curves
move in opposite directions in between: at β = 10−6 the
visual branch reaches its maximum whereas the audio branch
falls to its minimum on every metric. Excessively weak reg-
ularization provides limited structural constraint, while overly
strong compression suppresses highlight-relevant information,
and the offset between the two optima supports the use of
modality-specific bottleneck coefficients.

6) Sensitivity to the HAR-CDM Loss Weight: We further
examine the HAR-CDM coefficient γm while fixing the bot-
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(a) Pairwise distortion Dv
pair. (b) Paired shift Dv

paired. (c) Centroid shift Dv
centroid.

Fig. 3. Structural changes induced by KLIB and SGWIB under different bottleneck coefficients βv on the MrHiSum visual branch. Lower values indicate
better structural preservation.

Fig. 4. Joint t-SNE visualization of the input and bottleneck visual represen-
tations produced by KLIB and SGWIB on MrHiSum under (a) low (βv =
10−10), (b) validation-selected (βv = 10−6), and (c) high (βv = 10−1)
compression strengths. Open and filled circles denote x̃v,std

t and zv,stdt ,
respectively, and each line connects the representations of the same valid
temporal segment before and after compression.

tleneck coefficients to their validation-selected values, β⋆v =
10−6 and β⋆a = 10−8.

As shown in Fig. 6, the visual branch exhibits a clear
non-monotonic response, with all five metrics peaking at
γv = 0.01. The audio branch is more metric dependent:
Kendall’s τ , Spearman’s ρ, and mAP@15 also favor γa =
0.01, whereas mAP@50 peaks at 0.001 and mAP@30 at 0.5.
Both modalities nonetheless degrade sharply at γm = 0.05,
indicating that the sensitivity is driven by the strength of
the disentanglement constraint rather than by metric-specific
noise. Overall, a moderate HAR-CDM weight is preferable
for both modalities, with the audio branch tolerating a wider
range, which is consistent with HAR-CDM and SGWIB
playing complementary roles in task/context disentanglement
and structural compression.

V. CONCLUSION

This paper proposed SGWIB, a structure-aware informa-
tion bottleneck framework for video highlight detection. By
introducing the Sliced Gromov–Monge Gap (SGMG), SGWIB
preserves temporal relational structure during compression,
while HAR-CDM further separates task-oriented and context-
oriented information. Experiments on MrHiSum and MoSu
demonstrate consistent improvements in temporal ranking and
highlight retrieval, and ablation studies confirm the comple-
mentary effects of the two components. Compared with con-
ventional KLIB, SGWIB achieves better task performance and
substantially stronger structural preservation with only modest
additional computational cost.Future work will focus on finer-
grained highlight selection, adaptive structural bottlenecks, and
extensions to multimodal video representation learning.
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