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Abstract. Traditional video highlight detection relies on a narrow, event-
centric definition of saliency, which often fails to generalize to uncon-
strained personal videos where highlights are heterogeneous and perspective-
dependent. To address this, we introduce TRINITY, a multi-perspective
benchmark that decomposes highlight saliency into three complemen-
tary dimensions, Event, Emotion, and Nature, within a unified tempo-
ral framework. Leveraging this multi-faceted view, we propose a shared-
backbone multi-branch architecture designed for parallel multi-perspective
prediction via view-specific experts. Comprehensive experiments demon-
strate that our method significantly outperforms state-of-the-art base-
lines, achieving gains of +7.15/ + 3.62 mAPρ=15%/50% on Mr. HiSum
and +10.82 mAP on YouTube Highlights. These results validate that
multi-perspective modeling provides a more robust and comprehensive
formulation of video saliency, especially for complex real-world scenar-
ios. The benchmark and relevant codes will be released upon acceptance.
The benchmark is available at https://huggingface.co/datasets/
vanilladucky/TRINITY.

Keywords: Highlight Detection · Personal Videos · Multi-Perspective
Learning · Benchmark

1 Introduction

Video highlight detection aims to identify moments that strongly shape human
attention and memory [13]. Despite rapid progress, existing benchmarks largely
adopt a scenario-bound and narrowly defined notion of saliency. Most datasets
are constructed around sports competitions, TV programs, or query-conditioned
retrieval tasks [19,34,36,38], where highlights are equated with salient semantic
events or narrative peaks. While this single-perspective formulation has driven
strong performance within controlled settings, it inherently constrains the con-
ceptual scope of what constitutes a highlight. Consequently, models trained un-
der this paradigm often struggle to generalize to unconstrained videos, such as
those capturing daily life, where saliency is subtle, heterogeneous, and frequently
decoupled from dramatic or high-intensity actions.
* Equal contribution.
B Corresponding authors.
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Fig. 1: Visualization of highlight distributions from three perspectives—Event , Emo-
tion, and Nature—for two example videos. The horizontal axis denotes time (in sec-
onds), and the vertical axis represents the highlight score.

In real life, personal-style videos dominate social media. These recordings typ-
ically lack explicit story structures or professionally edited climaxes [7, 16, 32].
Engaging moments may instead emerge from affective facial expressions, inti-
mate social interactions, or aesthetically pleasing scenery, where salient signals
are often multi-causal and perspective-dependent rather than single one. For in-
stance, in a personal vlog, highlights may stem from both scenic views and the
vlogger’s joyful expressions. Modeling highlight detection as a single-dimensional
prediction task thus reduces a fundamentally multi-faceted phenomenon to a nar-
row formulation. We argue that advancing highlight detection requires moving
beyond scenario-specific supervision toward a paradigm that explicitly models
heterogeneous saliency mechanisms within a single video.

To this end, we introduce TRINITY, a multi-perspective benchmark that
decomposes highlight saliency into three complementary dimensions within a
unified temporal framework. Specifically, highlights are annotated along three
perspectives: event-driven semantic peaks (denoted as Event), affective facial
moments (Emotion), and aesthetic scenic highlights (Nature), which may co-
exist within a single video as shown in Fig. 1. The Emotion and Nature per-
spectives are constructed through a scalable automatic annotation pipeline to
ensure consistency and reproducibility, while the Event perspective follows es-
tablished event-centric annotations. Importantly, the three perspectives are in-
tentionally designed to be complementary rather than redundant, giving rise to
cross-dimensional orthogonality and natural view sparsity in highlight annota-
tions. By disentangling these heterogeneous saliency signals, TRINITY enables a
more structured analysis of highlight patterns beyond the traditional paradigm.
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Building on TRINITY, we further propose a novel shared-backbone multi-
branch architecture with view-specific experts. The shared backbone models
global temporal structure and contextual coherence, while each branch special-
izes in localizing video highlights under a specific perspective (i.e., Event, Emo-
tion, and Nature). This structural factorization enables efficient parallel multi-
perspective prediction from a single input sequence, naturally aligning with the
heterogeneous saliency mechanisms in personal videos. Comprehensive experi-
ments demonstrate that our model establishes a strong baseline on TRINITY
and achieves state-of-the-art performance on existing event-centric benchmarks
and an emotion-centric benchmark. Extensive ablation studies further verify the
effectiveness of the proposed components.

In summary, our main contributions are as follows:

– We introduce TRINITY, a novel multi-perspective benchmark that shifts
the highlight detection paradigm from single dimension to heterogeneous
saliency modeling. It decomposes highlights into three dimensions, Event,
Emotion, and Nature, within a unified temporal framework.

– We propose a shared-backbone multi-branch architecture featuring view-
specific experts. This design explicitly factorizes global temporal context
from perspective-specific localization, enabling the model to parallelize the
detection of diverse saliency signals.

– Comprehensive evaluations demonstrate that our approach not only estab-
lishes a robust baseline on TRINITY but also achieves state-of-the-art perfor-
mance on traditional event-centric and emotion-centric benchmarks, proving
its superior generalization across diverse video types.

2 Related Work

2.1 Video Highlight Detection

Video highlight detection aims to automatically localize salient segments in
untrimmed videos. Existing methods generally follow two main paradigms in
the literature: query-conditioned and text-agnostic modeling.

Query-conditioned highlight detection: QVHighlights [19] formulates highlight
detection as query-conditioned moment retrieval with clip-level saliency predic-
tion. Subsequent works strengthen cross-modal interaction through transformer-
based grounding frameworks for query-guided localization [11, 21, 22, 25, 37, 45].
Although such methods reduce semantic ambiguity by anchoring saliency to user
intent, they rely on textual queries at inference time and are therefore unsuitable
for automatic highlight detection in personal videos.

Text-agnostic highlight detection: Text-agnostic approaches predict saliency di-
rectly from visual and audio cues. Early methods rely on edited-video supervision
or ranking objectives [38,42], while more recent works emphasize cross-category
generalization and audio–visual modeling [2,41,43]. Despite these advances, most
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approaches implicitly optimize a single notion of saliency, typically event-driven,
and do not explicitly model heterogeneous highlight patterns within a unified
framework. In this work, we decompose highlight saliency into complementary
visual perspectives under a shared temporal protocol, enabling modeling of mul-
tiple heterogeneous patterns without textual conditioning.

2.2 Video Highlight Detection Benchmarks

Highlight detection is inherently subjective, and most benchmarks rely on multi-
ple annotators to stabilize labels. Early datasets such as YouTube Highlights [38]
provide segment-level annotations, while video summarization datasets such as
TVSum [34] are often repurposed by aggregating shot-level importance scores
into highlight labels. Another line of work exploits user-generated artifacts as
implicit supervision. Video2GIF [8] treats user-created GIFs as highlight sig-
nals, and PHD2 [24] extends this setting to personalized highlight detection
using user histories. More recently, large-scale implicit-feedback datasets such as
Mr. HiSum [36] aggregate engagement statistics to derive highlight saliency from
massive viewer interactions. Despite differences in supervision sources, most ex-
isting benchmarks implicitly assume a single notion of saliency per video. In
contrast, our dataset decomposes highlight saliency into three complementary
perspectives within a unified temporal framework, enabling structured analysis
of heterogeneous highlight patterns across diverse personal videos.

3 TRINITY Dataset

3.1 Dataset Overview

TRINITY is a multi-perspective highlight benchmark built on open-sourced
videos, organizing highlights into three perspectives: Event, Emotion, and Na-
ture. Emotion- and nature-driven highlights are newly annotated over the entire
video pool using a scalable two-stage pipeline. For the Event dimension, we di-
rectly adopt the replay-based annotations from Mr. HiSum [36]. The following
subsections describe the construction process for each perspective in detail.

3.2 Event Perspective: Semantic Progression

Highlight Definition. Following the replay-based supervision mechanism intro-
duced in Mr. HiSum, replay frequency derived from aggregated “Most Replayed”
statistics is treated as a proxy for event-driven highlights. Segments with consis-
tently high replay intensity are assumed to correspond to temporally localized
semantic events that attract collective viewer attention.

Label Construction. Following prior practice in [15], frame-level importance
scores are aggregated onto a unified 5-second clip grid via average pooling. To
prevent peak dilution, clips containing maximal frame-level values retain the
peak score. This preserves the relative ordering of segments.
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Fig. 2: Overview of the annotation pipelines used to construct the TRINITY dataset.
The Emotion pipeline detects temporally stable facial expressions and verifies candi-
date segments via multimodal reasoning. The Nature pipeline identifies scenic moments
through semantic filtering and aesthetic assessment, retaining segments with both land-
scape relevance and strong visual appeal.

3.3 Emotion Perspective: Affective Facial Moments

Highlight Definition. Emotion-driven highlights are segments where affective sig-
nals are conveyed through observable facial expressions and emotional reactions.

Label Construction. Emotion labels are constructed via a two-stage automatic
pipeline that combines perceptual-level expression screening with independent
semantic-level affect reasoning, ensuring consistent category assignments across
models, as shown in Fig. 2 (a).

Stage-1: Temporally consistent expression screening. Videos are uni-
formly sampled at 1 fps to obtain a sequence of frames {xt}Tt=1. We apply Emoti-
EffLib [30,31], a frame-level facial expression recognition model, to assign labels
ℓt ∈ E1, where E1 = {eneu, ehap, esad, eang, efear, edis, esup} denotes the seven ba-
sic emotion categories. To suppress noise from transient micro-expressions, the
frame xt is considered affective-valid if it belongs to a stable non-neutral window,
that is, ℓt = ℓt+1 = ℓt+2 = c with c ∈ E1\{eneu}, thereby requiring emotion labels
to remain stable across at least three consecutive frames. Candidate segments S
are then constructed by merging maximal contiguous intervals of affective-valid
frames. Each segment s ∈ S is defined as s = {t | tstart ≤ t ≤ tend}, where all
frames share the same sustained non-neutral emotion category cs ∈ E1 \ {eneu}.

Stage-2: Independent context-aware multimodal screening. For each
candidate temporal segment s, we construct an expanded temporal window
B(s) = {t | tstart − δ ≤ t ≤ tend + δ} with δ = 2. The corresponding clip is
processed by a large vision-language model (Qwen2-VL-7B [39] we used), de-
noted as M(·). It analyzes the visual and contextual cues within the expanded
window and predicts an emotion category M(B(s)) ∈ E1. A segment s is re-
tained as a ground-truth Emotion highlight only when M(B(s)) = cs, where cs
denotes the Stage-1 emotion label. For a retained segment s, we assign yt = 1
for all t ∈ s, and yt = 0 otherwise.
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Conceptually, Stage-1 detects salient facial dynamics and expression intensity
at the perceptual level. Stage-2 complements by performing semantic reasoning
over multimodal context, assessing whether the segment conveys a coherent af-
fective meaning. By keeping only segments where both models predict the same
category, the pipeline yields more reliable emotion-driven highlight annotations.

Annotation Quality. Annotation consistency is evaluated via cross-annotator
agreement among three independent annotators on a randomly sampled set of
50 annotated segments. The inter-annotator agreement reaches 92%, indicating
stable labeling consistency across annotators. Under majority voting, 94% of the
emotion labels are verified as correct. Detailed agreement analyses are reported
in the Appendix.

3.4 Nature Perspective: Scenic Aesthetic Saliency

Highlight Definition. Nature-driven highlights are defined as segments domi-
nated by visually salient scenic compositions with strong aesthetic intensity,
independent of explicit human actions.

Label Construction. Nature annotations are constructed via coarse scenic local-
ization followed by frame-level aesthetic scoring within scenic segments, enabling
identification of visually appealing landscape moments (Fig. 2(b)).

Stage-1: Coarse scenic localization. Videos are uniformly sampled at
1 fps to obtain frame sequences {xt}Tt=1. For each frame, YOLOv8n [12] is applied
to detect persons, producing a binary indicator ht. Videos whose person-frame
ratio Rper =

1
T

∑T
t=1 ht satisfies Rper > θper

v with θper
v = 0.3 are discarded.

For the remaining videos, CLIP [26] similarities are computed between each
frame xt and a curated prompt set Q containing landscape and human descrip-
tions. Frame-level probabilities are obtained via softmax over prompt similarities
and aggregated into landscape and person scores pland

t and pper
t , respectively. A

frame is marked scenic if lt = 1
[
pland
t > 0.4 ∧ pland

t > pper
t

]
, indicating that the

frame is more likely to depict landscape content than human-centric scenes. All
thresholds are selected based on empirical validation experiments.

Stage-2: Frame-level aesthetic scoring. For each validated scenic seg-
ment s ∈ S, we obtain frame-level aesthetic scores {Et | t ∈ s, Et ∈ [0, 1]} using
the external Everypixel UGC Photo Quality, a pretrained aesthetic assessment
service. The model analyzes multiple visual attributes, including sharpness, ex-
posure, and composition, producing a normalized aesthetic score that reflects
overall perceptual quality. These scores are directly used as regression targets
for the Nature dimension. Specifically, the ground-truth label for a frame t is
defined as yt = Et if ∃s ∈ S such that t ∈ s, and yt = 0 otherwise. This stage
is applied only when S ̸= ∅, ensuring supervision is derived from regions that
satisfy both scenic alignment and strong aesthetic quality.
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Table 1: Global statistics of the three highlight perspectives in the full TRINITY
dataset.

Perspective #Videos #Peaks Avg. Peak Dur. (s)

TRINITY-Nature 15,540 15,540 10.34
TRINITY-Emotion 16,257 32,046 4.87
TRINITY-Event 27,845 55,649 9.90

Annotation Quality. Given the subjective nature of aesthetic judgment, we con-
duct a human audit with three independent annotators on 50 randomly sampled
videos. For scenic validity, annotators label scenic frames for each video, and
consensus scenic segments are derived via majority voting over frame-level la-
bels. The average IoU between the consensus segments and the labeled ground-
truth segments is 0.89727, while the average pairwise inter-annotator IoU is
0.89744, indicating that the dataset labels align with human annotations at a
level nearly identical to the agreement among annotators. For aesthetic quality
validation, 94% of the aesthetic highlights are validated by majority voting over
the annotators’ judgments, with an inter-annotator agreement rate of 90%. To
further ensure reproducibility and mitigate proprietary-model bias, we evaluate
the cross-scorer agreement of our Everypixel-based1 Nature labels against al-
ternative open-source aesthetic models (MUSIQ [14] and LAION-Aesthetics2)
across 5,651 annotated videos. Our labels exhibit strong alignment, achieving
an IoU of 0.665 at ρ = 15% and 0.956 at ρ = 50% with MUSIQ, and 0.661 at
ρ = 15% and 0.955 at ρ = 50% with LAION, confirming that the annotations
capture general, scorer-agnostic aesthetic signals.

3.5 Statistical Overview

To provide a comprehensive view of the proposed benchmark, Table 1 summa-
rizes the global statistics of the three highlight perspectives across the entire
TRINITY dataset, including the total number of videos, annotated highlight
peaks, and the average duration per peak.

The statistics reveal clear domain and temporal distinctiveness across the
three formulated perspectives. The TRINITY-Event perspective comprises the
largest video pool and peak count, capturing broad semantic activities. In con-
trast, the temporal characteristics vary significantly between Emotion and Na-
ture: emotion-driven highlights are typically short and highly concentrated (∼4.87 s),
capturing transient facial and behavioral expressions; conversely, nature-driven
highlights feature longer sustained durations (∼10.34 s), as aesthetic scenic com-
positions generally unfold over continuous camera periods.

These macro-level structural variations inherently support our core motiva-
tion to model video highlights via a multi-perspective formulation. To further
1 https://api.everypixel.com/v1/quality_ugc
2 https://github.com/christophschuhmann/improved-aesthetic-predictor

https://api.everypixel.com/v1/quality_ugc
https://github.com/christophschuhmann/improved-aesthetic-predictor
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Fig. 3: Left. Overview of the proposed architecture with a shared backbone and
perspective-specific experts. Right. Visualization of the learned embedding space, where
private experts form distinct clusters while the shared backbone captures global tem-
poral context. Compared with a single-task event-only model (bottom-right), the pro-
posed design yields a structured and separable representation space across perspectives.

investigate how these perspectives interact and validate their statistical orthog-
onality, we provide a detailed cross-perspective temporal overlap analysis on the
co-annotated subset in the Appendix.

4 Methodology

4.1 Overall Architecture

As illustrated in Fig. 3, we formulate video highlight detection as a multi-task
temporal segment scoring problem with three highlight perspectives: Event
(t=e), Emotion (t=m), and Nature (t=n). Given a video v, we split it into
N temporal segments {si}Ni=1, where each segment represents a non-overlapping
5-second interval. The emotion task (t = m) provides a binary highlight label
yti ∈ {0, 1}, reflecting the discrete presence of facial expressions, while the event
(t = e) and nature (t = n) tasks provide continuous labels yti ∈ [0, 1] derived from
replay statistics and aesthetic scores, respectively. Each segment is represented
by a pre-extracted 512-dimensional feature vector xi ∈ R512.

Our architecture contains one shared temporal backbone Ts and three pri-
vate temporal backbones {T t

p}t∈{e,m,n}. All backbones are instantiated as Trans-
former encoders. In contrast to permutation-invariant set encoders, we explicitly
model ordered temporal segments and inject relative temporal information via
1D RoPE [35] within self-attention layers.
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The shared backbone Ts is designed to capture task-agnostic, global temporal
context across video timestamps. In parallel, each private backbone T t

p special-
izes in task-specific temporal patterns, emphasizing sharp and sparse temporal
activations that are characteristic of task t. Let X = [x1, . . . , xN ] denote the
sequence of segment embeddings. Concretely, for each task t, we parameterize
the shared and private streams with distinct query, key, and value projections,
i.e.,

Qs = XW
(s)
Q , Ks = XW

(s)
K , Vs = XW

(s)
V ,

Qt
p = XW

(p,t)
Q , Kt

p = XW
(p,t)
K , V t

p = XW
(p,t)
V .

(1)

These separate projection matrices encourage the shared and task-private repre-
sentations to occupy different regions of the latent space, enabling complemen-
tary modeling of global context and task-specific temporal cues.

The input sequence X is passed through the shared backbone to produce
a globally contextualized embedding, while the same sequence is processed by
the task-specific private backbone to produce a task-specific embedding. These
embeddings are concatenated to capture both global and task-specific semantics.
Finally, three independent prediction heads {Ct} (one per task) are used, each
mapping zti to a highlight probability. Each prediction head consists of multiple
linear layers with ReLU activations.

ŷti = σ
(
Ct[Ts(xi), T

t
p(xi)]

)
, where σ is the sigmoid function. (2)

4.2 Task-Conditioned Expert Routing

Unlike soft MoE gating, our routing is deterministic and purely task-conditioned.
During training, we maintain three different dataloaders (Event/Emotion/Nature).
A sample drawn from the dataloader for task t is routed to both the correspond-
ing private backbone T t

p and the shared backbone Ts.
In each iteration, we process three mini-batches at a time (one per dat-

aloader) in a round robin fashion, yielding three different task losses and their
gradients. The losses are backpropagated only after the three mini-batches are
passed through. This design ensures that: (i) each private backbone only spe-
cializes in its own supervision, (ii) the shared backbone is trained in all tasks,
and (iii) any possible catastrophic forgetting [23] between datasets is avoided.

4.3 Total Loss

We adopt a binary cross-entropy (BCE) objective for all tasks. For a mini-batch
of size B and sequence length N , the task loss is

Lt =
1

BN

B∑
b=1

N∑
i=1

BCE
(
ytb,i, ŷ

t
b,i

)
, t ∈ {e,m, n}. (3)
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The model is then trained using the sum of these three individual task losses
with equal weights.

Ltotal =
∑

t∈{e,m,n}

λtLt, where λe = λm = λn = 1. (4)

4.4 Inference Strategy

During inference, the segment embeddings of a video are fed to the model and
processed by the shared backbone as well as each of the three private backbones.
Subsequently, for each task, the shared backbone output and the corresponding
private backbone output are fused and passed through the corresponding predic-
tion head. As a result, multi-perspective highlight scores ŷei , ŷmi , ŷni are produced
for each temporal segment.

5 Experiments

5.1 Datasets and Metrics

Pretraining. We pretrain on TRINITY, a unified multi-perspective highlight
dataset consisting of three perspective groups: Event, Emotion, and Nature.
These groups are derived by grouping videos according to highlight perspectives.
TRINITY-Event contains 27,845 videos, TRINITY-Emotion contains 16,257
videos, and TRINITY-Nature contains 15,540 videos, corresponding to event-,
emotion-, and nature-centric annotations, respectively. We adopt a joint multi-
dataset training strategy across the three perspectives. Each video is segmented
into fixed-length 5-second temporal segments following prior practice in [15].
Each segment is assigned a normalized highlight score within the range [0, 1],
reflecting the degree of saliency under the corresponding perspective.

Benchmarks and Evaluation Metrics. We assess the event-centric capability of
our model by fine-tuning only the Event branch while freezing all other compo-
nents. Performance is evaluated on YouTube Highlights [38] and Mr. HiSum [36].
Crucially, we adopt the official train/validation/test splits of Mr. HiSum to en-
sure fair comparability with prior work. Since part of our pretraining data is
sourced from Mr. HiSum, all test videos are removed from the pretraining pool
to prevent data leakage. Mr. HiSum is released under the CC BY 4.0 license, al-
lowing modifications; to adhere to this, we will distribute only high-level features
and our new annotations. For Mr. HiSum and TRINITY, we report mAPρ=50%

and mAPρ=15%, and for YouTube Highlights, we report the standard mAP met-
ric. For emotion modeling, we fine-tune only the Emotion branch and freeze the
remaining modules. We evaluate on VEATIC [27], a context-aware video emotion
dataset with continuous valence and arousal annotations. Its character-centric
and temporal affective supervision aligns well with our Emotion perspective.
Crucially, the Emotion branch focuses on emotion-driven highlight localization
under skewed web distributions rather than balanced recognition, using VEATIC
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Table 2: Fine-tuned highlight detection results on Mr. HiSum, YouTube Highlights,
and VEATIC. Bold indicates the best result and underlined values indicate the second
best.

Mr. HiSum YouTube Highlights VEATIC

Method mAPρ=15% mAPρ=50% Method Dog Gym Park. Skate. Skii. Surf. Avg. Method SAGR↑ RMSE↓

SAVS-Net [1] - 57.12 Temp.-Cue [43] 55.38 62.66 70.88 69.06 60.05 59.76 62.97 RB-SFP [28] - 0.2423
SL-Module [41] 24.95 58.63 Mr. HiSum [36] 50.80 67.20 78.30 42.00 61.80 71.60 62.00 VEATIC [27] 0.7637 0.2410
PGL-SUM [17] 27.45 61.60 RASL [20] 64.20 75.80 70.90 45.60 66.50 66.70 65.10 VDFS [29] 0.804 0.182
HierSum [4] 32.60 63.80 C2 [46] - - - - - - 67.20 - - -
Aha [6] 32.66 64.19 AV-Recur. [10] - - - - - - 68.30 – – –
SummDiff [15] 33.83 65.44 SL-Module [41] 70.80 53.20 77.20 72.50 66.10 76.20 69.30 – – –
– – – PLD-VHD [40] 74.90 70.20 77.90 57.50 70.70 79.00 73.00 – – –

[HTML]F2F2F2 Ours 40.98 69.06 74.87 91.89 87.70 83.95 77.20 87.33 83.82 0.8185 0.1749

as auxiliary evidence for temporally grounded affective cues. While common af-
fective patterns are well-supported, addressing rare emotions and direct external
validation remains future work. We report SAGR and RMSE following the offi-
cial protocol.

5.2 Implementation Details

Our model is implemented in PyTorch. Segment-level features are extracted
using a frozen CLIP ViT-B/32 encoder. Temporal backbones are Transformer
encoder layers with hidden size 512, 8 attention heads, and depth 5, using 1D
RoPE for temporal position encoding. For each perspective, the forward pass
consists of 4 shared attention heads and 4 task-specific private heads, yielding 8
heads per branch. During TRINITY pretraining, one shared backbone and three
perspective-specific private backbones (Event, Emotion, Nature) are jointly op-
timized with three task heads. Optimization uses AdamW, with early stopping if
validation performance does not improve for more than three consecutive epochs
across all three tasks. The learning rate, weight decay, batch size, and dropout
ratio are set to 5e−5, 0.01, 16, and 0.2, respectively.

5.3 Quantitative Results

Performance on Public Benchmarks. We compare our method with recent state-
of-the-art approaches on Mr.HiSum, YouTube Highlights, and VEATIC. Results
are summarized in Table 2. On Mr.HiSum, our method achieves 40.98 mAPρ=15%

and 69.06 mAPρ=50%, outperforming the recent SummDiff [15] by +7.15 and
+3.62 points, respectively. The gains are consistent under both strict and re-
laxed evaluation ratios. On YouTube Highlights, under the text-agnostic setting,
we achieve the best average performance and leading results on most categories,
reaching an average score of 83.82, exceeding the strongest prior baseline PLD-
VHD [40] by +10.82 points. Large improvements are observed in dynamic cat-
egories such as Gym, Skating, and Surfing, indicating strong cross-domain gen-
eralization. On VEATIC, our model obtains 0.8185 SAGR and 0.1749 RMSE,
surpassing previous methods on both correlation and regression precision. This
demonstrates that our framework generalizes beyond ranking-based metrics.
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Table 3: State-of-the-art comparison under the three TRINITY highlight perspectives
(Nature, Emotion, and Event), reflecting the multi-perspective formulation of TRIN-
ITY. Bold indicates the best result.

Method
TRINITY-Nature TRINITY-Emotion TRINITY-Event

mAPρ=15% mAPρ=50% mAPρ=15% mAPρ=50% mAPρ=15% mAPρ=50%

SL-Module [41] 38.68 62.23 50.55 67.57 31.46 62.71
PGL-SUM [17] 46.40 61.84 62.47 73.81 33.61 61.84
CSTA [9] 36.47 39.67 64.96 67.29 35.97 40.77
SumDiff [15] 35.68 59.63 37.17 61.38 26.21 57.45
Aha† [6] 38.69 40.02 21.02 28.29 32.66 64.19
Qwen3-VL-8B† [3] 24.89 56.11 22.99 53.57 17.92 52.46
Qwen3-VL-235B† [3] 27.91 58.29 26.42 56.90 18.10 52.82

[HTML]F2F2F2 Ours 58.74 68.05 67.42 71.32 40.98 69.06

† Zero-shot due to fine-tuning cost.

Across three heterogeneous benchmarks with distinct evaluation protocols,
our method consistently establishes new state-of-the-art results, validating the
effectiveness of our shared–private highlight modeling design.

Evaluation on TRINITY. We evaluate several representative highlight detection
methods [9, 17, 41] under the three highlight perspectives defined in TRINITY
(Nature, Emotion, and Event), as shown in Table 3. Our framework consis-
tently achieves the best overall performance across the three perspectives un-
der stricter evaluation ratios. Under the Nature perspective, our method attains
58.74 mAPρ=15% and 68.05 mAPρ=50%, substantially outperforming prior meth-
ods and demonstrating a stronger capability in capturing scenery-driven saliency.
Under the Emotion perspective, we obtain the best mAPρ=15% score of 67.42
while achieving competitive performance at mAPρ=50% (71.32). Under the Event
perspective, our model also achieves the best performance under both metrics,
reaching 40.98 mAPρ=15% and 69.06 mAPρ=50%.

Notably, although all methods are trained on TRINITY, baseline architec-
tures originally designed for single-definition saliency modeling exhibit limita-
tions when handling heterogeneous highlight signals, particularly for the Nature
and Emotion perspectives. In contrast, our shared–private architecture separates
perspective-specific representations while maintaining a unified temporal back-
bone, enabling robust highlight localization across diverse saliency definitions.

5.4 Ablation Study

Architecture ablation. Table 4 analyzes the effect of architectural decomposition.
Moving from single-task training (S1) to a shared-backbone multi-task model
(S2) improves the average performance by +3.50 mAPρ=15%, indicating that
cross-task supervision benefits shared temporal representations. Using fully in-
dependent experts (S3) improves performance under mAPρ=50% compared with
shared-backbone MTL (S2), indicating improved ranking when broader tempo-
ral coverage is evaluated, as the relaxed threshold (ρ = 50%) rewards highlights
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Table 4: Architecture ablation on TRINITY. We analyze the impact of shared back-
bones, private experts, and multi-task learning. Results are reported using mAPρ=15%

and mAPρ=50% (denoted as 15% and 50% in the header).

Setting
Arch. Config. Event Nature Emotion Avg.

#B.B. Sha. Pri. #Head MTL 15% 50% 15% 50% 15% 50% 15% 50%

S1: Single-Task Baseline 1 ✓ × 1 × 32.85 63.06 43.16 65.57 61.05 75.56 45.69 68.06
S2: Shared-Backbone MTL 1 ✓ × 3 ✓ 37.97 66.86 44.41 64.35 65.20 75.71 49.19 68.97
S3: Independent Experts 3 × × 1 × 37.54 67.51 44.78 65.26 63.27 76.34 48.53 69.70
S4: Shared–Private Experts 4 ✓ ✓ 3 ✓ 40.98 69.06 58.74 68.05 67.42 71.32 55.71 69.48

Table 5: Dataset contribution ablation under a fixed architecture (S4: Shared–Private
Experts). Models are trained with progressively richer supervision.

Setting
Event Nature Emotion Avg.

mAPρ=15% mAPρ=50% mAPρ=15% mAPρ=50% mAPρ=15% mAPρ=50% mAPρ=15% mAPρ=50%

D1: Event 40.25 69.45 31.25 65.58 40.83 65.76 37.44 66.93
D2: Event + Nature 39.98 ↓0.27 68.70 ↓0.75 57.89 ↑26.64 67.71 ↑2.13 45.98 61.06 48.25 64.32
D3: Full (Event + Nature + Emotion) 40.98 ↑1.00 69.06 ↑0.36 58.74 ↑0.85 68.05 ↑0.34 67.42 ↑21.44 71.32 ↑10.26 55.71 69.48

that capture a larger portion of the ground-truth segments. However, the ab-
sence of shared representations limits overall cross-perspective generalization.
Our shared–private expert design (S4) achieves the best overall performance
(55.71 / 69.48). Relative to the independent-expert setting (S3), S4 improves
Event from 37.54 to 40.98, Nature from 44.78 to 58.74, and Emotion from 63.27
to 67.42 under mAPρ=15%, demonstrating the benefit of combining shared rep-
resentations with perspective-specific experts. Consistent with this observation,
as illustrated in Fig. 3, the t-SNE visualization shows clearer perspective-wise
clustering of temporal segment features under S4, indicating more structured
temporal representations across perspectives.

Dataset contribution ablation. Table 5 examines the impact of progressively in-
corporating multi-perspective supervision under a fixed architecture (S4). Train-
ing with Event-only data (D1) yields moderate performance across all three di-
mensions. Adding Nature supervision (D2) substantially improves Nature perfor-
mance from 31.25 to 57.89 under mAPρ=15%, while Event performance remains
largely stable, indicating limited negative interference across different perspec-
tives. Finally, incorporating all three perspectives (D3) provides consistent im-
provements across dimensions, with the largest gain on Emotion The full multi-
perspective training achieves the highest overall average performance (55.71 /
69.48), validating the benefit of jointly modeling heterogeneous highlight cues.

5.5 Gradient Conflict Observation

A notable problem in multi-task learning is gradient conflict between the losses of
different tasks. Conflicting gradients were shown to have negative transfer effects
[18] and there have been multiple attempts to mitigate this effect [5,33,44]. Since
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Fig. 4: Comparison of gradient cosine similarity during training with and without
Aligned-MTL.

our problem is also formulated as a multi-task learning problem, we performed
gradient conflict analysis to ensure there were no adversarial effects. In order
to measure the gradient conflict, we employed cosine similarity of gradients [44]
between our three different task losses.

The gradient cosine similarity of our model can be seen in Fig. 4b where
the cos(θi,j) < 0 for the early parts of training, after which it stabilizes to near
0, indicating limited gradient interference between tasks. Even after employing
Aligned-MTL [33], as shown in Fig. 4a, only smaller fluctuations in similarity val-
ues are observed at the beginning, while the final stabilization near zero remains
unchanged, suggesting that our model suffers negligible gradient conflicts.

5.6 Attention Visualization

We demonstrate our model’s capacity to capture multiple semantic cues from
a single video by visualizing its temporal attention mechanism. Unlike spatial
attention in standard Vision Transformers, our model processes temporal frames
as tokens. Consequently, its attention mechanism reveals the specific temporal
segments prioritized for different tasks.

As Figure 5 shows, clear disentanglement between the three heads is ob-
served, suggesting the model learns distinct, task-specific representations from
the shared video backbone. We validate this semantic grounding by examining
frames where attention values peaked. The model effectively localizes facial ex-
pressions for emotion, physical transitions for events, and landscape vistas for
nature. Notably, the low cross-correlation between these head-specific distribu-
tions indicates that the model appears to partition the latent space to minimize
task interference. Furthermore, the mechanism acts as a temporal filter, assign-
ing low attention weights to uninformative segments, such as motion blur or
camera resets, to focus purely on causally relevant evidence.

6 Conclusion

We revisit video highlight detection under realistic personal-style settings and
identify the limitations of event-centric formulations. To address this gap, we in-
troduce TRINITY, a multi-perspective benchmark that decomposes highlight
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Fig. 5: Attention visualization of a personal vlog video. The visualization shows tem-
poral localization across different semantic perspectives. The Emotion backbone high-
lights human-centric contentment, the Event backbone captures conversational interac-
tion segments, and the Nature backbone focuses on environmental landmarks (Niagara
Falls), illustrating the specialization of perspective-specific backbones.

saliency into event, emotion, and nature dimensions. We further propose a
shared-backbone multi-expert architecture to model perspective-specific saliency.
Extensive experiments show strong performance on TRINITY and consistent
gains on existing benchmarks, demonstrating improved generalization across
heterogeneous highlight definitions. We hope this work encourages more real-
istic and multi-dimensional formulations of highlight detection.
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