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Abstract—Multisensory temporal event localization aims to
precisely localize modality-aware events and their temporal
boundaries in long-form videos. However, dense event overlaps
in long videos cause relevant semantics and irrelevant semantic
noise to intertwine during cross-modal interaction, leading to
severe semantic entanglement. Consequently, existing methods
frequently suffer from missed detections and insufficient recog-
nition precision. To address this, the Event-Centric Semantic
Differential Denoising Network is proposed. Specifically, the
Semantic Differential Pyramid Multimodal Transformer utilizes
Cross-modal Semantic Differential Attention to reconstruct cross-
modal interactions for enhancing relevant semantics fusion;
its driven pyramid strategy ensures a balance between noise
suppression and temporal dependency modeling for events of
varying durations. Multi-Granularity Semantic Loss Guidance
mitigates label noise via fine-grained supervision and utilizes
an event-aware joint loss to optimize event relation modeling.
Experiments demonstrate significant performance improvements.

Index Terms—Audio-Visual, Long Video, Cross-modal Seman-
tic Differential Attention.

I. INTRODUCTION

Long videos, carrying rich event semantics and relational
information, serve as a key medium for machine understanding
of natural scenes. While various long-form video understand-
ing benchmarks have emerged recently [1]-[7], most predom-
inantly focus on the visual modality while overlooking audio,
thereby limiting comprehensive understanding. In the audio-
visual domain, Tian et al. [8] introduced the AVVP task for
short videos, aiming to recognize both the categories and tem-
poral boundaries of audio-visual events. Subsequent research
has achieved significant performance gains through architec-
tural advancements [8]-[14] and enhanced weak-supervision
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Fig. 1. Illustration of Multisensory Temporal Event Localization. Pre and GT
denote predictions of the ECF model and ground truth, respectively. Ashed
boxes mark undetected Violin events.

strategies [15]-[18]. However, these methods struggle to gen-
eralize effectively to long videos, owing to their complex
semantic environments and long-range event dependencies.
To address this gap, Hou et al. [19] proposed the Mul-
tisensory Temporal Event Localization task and the Event-
Centric Framework (ECF). This framework employs a three-
stage architecture utilizing a Pyramid Multimodal Transformer
(PMT) with offsets, event-aware graphs, and event interaction
modules to respectively capture multi-scale dependencies, re-
fine features, and model inter-event relations. However, dense
event overlaps in long videos cause relevant event semantics
and irrelevant semantic noise to coexist, leading to severe se-
mantic entanglement. Consequently, existing methods struggle
to effectively identify relevant semantic information in such
multi-event environments, frequently resulting in missed de-
tections and insufficient recognition precision (e.g., the missed
detection of Violin events and low recognition precision for
Cello events shown in Fig 1). This exposes current technical
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Fig. 2. The framework of ESDN. (a) Diagonal mask across layers. (b) snippet shift mechanism. (c) Temporal attention pooling. (d) CSDA, where m and m
are modalities features. Ls denotes segment-level semantic guided loss and L. denotes event-aware joint loss.

bottlenecks and highlights the urgent need to enhance semantic
disentanglement and noise suppression capabilities.

To address the aforementioned challenges, the Event-Centric
Semantic Differential Denoising Network (ESDN) is pro-
posed. Specifically, the Semantic Differential Pyramid Mul-
timodal Transformer (SD-PMT) reconstructs multimodal in-
teraction via Cross-modal Semantic Differential Attention
(CSDA) to effectively suppress noise and enhance event-
relevant semantics. Addressing the phenomenon of significant
variance in event durations in long videos, an SD-PMT-
driven pyramid hierarchy strategy is introduced to effectively
suppress noise for short-term events while achieving a bal-
ance between denoising and temporal dependency modeling
for long-term events. Furthermore, the Multi-Granularity Se-
mantic Loss Guidance (MSG) mechanism is incorporated to
mitigate video-level label noise through pseudo-label-based
segment-level supervision, and leverage an event-aware joint
loss to enhance the modeling of event relations.

II. PROPOSED METHOD
A. Problem Definition

The Multisensory Temporal Event Localization task gen-
erates segment-level predictions via multi-instance learning
and aggregates consecutive segments to produce event-level
predictions, aiming to identify modality-specific events in long
videos.Specifically, given a video of length 7' seconds, it
is split into audio segments {A;}7_; and visual segments
{Vi}L_|, generating segment-level predictions {p¢}7_, and
{p¥}L |, where p¢,p? € RY denote audio and visual pre-
dictions for the ¢-th segment, and C' is the number of event

categories. Audio-visual event labels are obtained by element-
wise multiplication of the two modality labels. During training,
only video-level event labels y™ € {0,1}¢,m € {a,v} are
accessible.

B. SD-PMT and Its Driven Pyramid Hierarchical Strategy

To address the pervasive noise induced by highly entangled
event semantics in long-form videos, the SD-PMT is proposed.
This architecture integrates CSDA to facilitate purified mul-
timodal interaction, while utilizing a driven pyramid hierar-
chical strategy to adaptively reconcile noise suppression with
temporal dependency modeling across diverse scales.

Cross-Modal Semantic Differential Attention. Addressing
the challenge of highly entangled relevant semantics and irrele-
vant noise in long videos, a cross-modal semantic differential
denoising paradigm is proposed, inspired by the differential
attention mechanism [20]. Specifically, CSDA functionally
constructs a mechanism analogous to a differential amplifier by
computing the difference between two independent attention
maps. This operation actively cancels out redundant semantic
noise in cross-modal interactions, forcing the model to focus
on sparse and highly discriminative cross-modal correlations.
Furthermore, CSDA introduces a Global Semantic Fusion
mechanism to align local features with global contextual
information, thereby ensuring long-term temporal semantic
consistency.

Following this paradigm, the computation of CSDA is for-
mulated as follows. First, audio and visual features extracted
per ECF settings are denoted as F"ZF’”/ € RT*4 (where
m,m’ € {a,v}). To enable differential modeling, F™ is



linearly projected into two sets of queries Q1 » € RT*4, while
F™' s projected into two sets of keys K;o € RT*? and
common values V € RT*2¢ CSDA then employs a multi-
head mechanism to perform differential denoising in parallel.
For each head j € {1,...,h}, let Ay = o(QxK] /Vd) for
k € {1,2}, where o(-) denotes the softmax function. The
differential output is computed as:

DA, = (A; — \A,)V,

1
X] = (1 - )\init) : RMSNOI‘HI(DAJ) ( )

Here, A is a learnable scalar parameterized as A =
exp(af B) — exp(ag By) + Ainit, Where o 2, 31 5 € RY are
learnable vectors initialized from a normal distribution. This
specific parameterization synchronizes the learning dynamics
of \ with the attention gradients, ensuring optimization stabil-
ity. Aini¢ 1S a constant initialized to 0.35. The outputs from all
heads are concatenated and projected to obtain the intermedi-
ate feature F = Concat (X, ..., X)W € R”*?. Subse-
quently, a global semantic vector G = AvgPool(F™) € R is
derived to capture the video-level context. Local-global feature
alignment is then achieved by computing a time-wise cosine
similarity vector S € R” to gate the global enhancement:

G
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Finally, the SD-PMT block reconstructs the Multimodal
Attention (MMA) unit by integrating intra-modality Self-
Attention (SA) with CSDA, formally defined as:

Dyvma (F™, le) = ¢cspa (¢SA(Fm); QSSA(Fm,))- €))

Combined with the snippet shift mechanism to prevent event
fragmentation, as illustrated in Fig. 2-(b), the two-stage com-
putation is given by:

. F"=F"+S, G. )

H™ = $ypia (Shift(cI)MMA(Fm7Fm/)), Shift(Fm/)),

F7, = ¢sa(F™) + Shift ' (H™).

“)
Specifically, for a pyramid window of size W, the Shift
operation cyclically displaces the feature sequence by W/2
steps. This reconfiguration enables cross-window interaction
in the second stage, mitigating the boundary limitations of
non-overlapping partitions, after which Shift ™' reverses the
displacement to preserve temporal alignment.

Pyramid Hierarchical Strategy Driven by SD-PMT. In a
pyramid architecture where the temporal window size grows
exponentially (2') as shown in Fig. 2-(a), features at different
scales face distinct theoretical challenges: short-term windows
are dominated by high-frequency local noise accumulation,
whereas long-term windows suffer from signal attenuation due
to repeated aggregation. To resolve this conflict, a differenti-
ated block design is proposed tailored to signal characteristics.

Specifically, for shallow layers dealing with local details,
noise suppression is prioritized. The Stacked-SD Block (SDB)
is employed, which stacks two consecutive SD-PMT layers to

aggressively filter out local semantic noise and purify fine-
grained semantics. Conversely, for deeper layers modeling
long-range dependencies, preserving signal integrity becomes
critical. To this end, the Alternating-SD Block (ADB) is
designed by alternating the denoising SD-PMT with the
original PMT unit. This hybrid structure effectively balances
noise removal with the preservation of long-term temporal
dependencies, thereby preventing feature degradation. In the
proposed hierarchy, SDBs are followed by ADBs (e.g., with
a 1:2 ratio), enabling the differential mechanism to adaptively
process events of varying durations.

C. Multi-Granularity Semantic Loss Guidance

To synergistically improve fine-grained discrimination and
inter-event relation modeling, a Multi-Granularity Semantic
Loss Guidance mechanism is designed to establish a hierar-
chical supervision paradigm spanning from local segments to
global events.

Segment-Level Semantic Guided Loss. In the event ex-
traction stage, the quality of event graphs relies heavily
on the discriminative power of snippet features. However,
relying solely on coarse video-level labels often limits fine-
grained semantic learning, leading to shortcut learning where
the model overfits to only the most discriminative frames.
This results in incomplete feature activations, which in turn
degrades the construction of event graphs. To rectify this,
inspired by prior work [15], [21], [22], a segment-level se-
mantic guided loss L is introduced as an explicit fine-grained
supervisory signal. By leveraging segment-level pseudo-labels
Ppeudo generated from pre-trained open-vocabulary models
(CLIP [23] and CLAP [24]), this loss forces the model to
learn semantically complete feature representations, thereby
enhancing the reliability of feature nodes for subsequent event
graph construction.

Specifically, for segment-level predictions p™ obtained in
the event extraction stage, the loss L is computed as follows:

L= Z BCE(P™, Ppseudo)- )

me{a,v}

Here, ™, Pyeudo € RT*E where T denotes the temporal

length and K the total number of event classes.

Event-Aware Joint Loss. During the event interaction
stage, individual event features are refined to capture com-
plex dependencies. However, the classification loss L5 often
exhibits high volatility in long-form video scenarios with
dense event overlaps. This instability acts as an optimization
bottleneck, directly interfering with and restricting the capacity
of L to effectively guide the modeling of event relations. To
mitigate this interference and unleash the relational modeling
potential, an Event-Aware Joint Loss Weighting Strategy (L)
is proposed:



TABLE I
COMPARISON WITH THE STATE-OF-THE-ART METHODS ON THE LFAV DATASET.

Method mAP (%) (snippet-level) F1-score (%) (event-level)

Audio Visual Audio-visual Avg. Audio Visual Audio-visual Avg.
HAN [8] 48.27 63.26 47.42 52.98 20.96 24.13 18.07 20.87
DHHN [10] 49.95 59.59 47.74 52.42 21.44 18.82 14.23 18.16
CMPAE [25] 45.23 59.18 44.79 49.73 20.52 27.53 21.86 23.30
CM-PIE [11] 47.67 63.42 45.81 52.30 24.08 30.20 22.75 25.67
MM-CSE [16] 52.44 65.00 49.63 55.69 25.37 29.22 22.16 25.58
ECF [19] 51.66 64.10 50.11 55.29 25.36 32.44 26.61 28.14
Ours (ESDN) 52.48 66.13 50.98 56.53 27.94 32.91 26.96 29.27

Le = aﬁcls + ﬂﬁrela
‘ccls = BCE(IA)aa ya) + BCE(IA)’Uv yv)7

L= D, |5%L| > BCE(P™',y™[i)).

me{a,v} 1€ESm

(6)

Here, L5 ensures overall recognition based on final video-
level predictions p”* and ground-truth labels y™. The relation-
aware loss L. provides direct supervision for the refined
features of active event classes S, = {i | y™[i] = 1},
where p"* denotes the prediction derived from the i-th refined
event feature. By incorporating calibration coefficients v and
0, this strategy adaptively modulates the optimization focus
to dampen the impact of volatile global signals. This ensures
that the learning of inter-event dependencies is not suppressed
by classification instability, thereby allowing the interaction
module to fully exploit deep relational semantics.

Total Training Objective. The total training objective £
integrates stage-wise supervision across all granularities to
achieve global synergistic optimization. At each stage j €
{1, 2}, the multi-modal video-level loss L; is defined as:

(7

where f)% denotes the video-level prediction for modality
m at stage j. The comprehensive final objective is formulated
as:

Ej = BCE(f)((l])7 ya) + BCE(f)E)]y yv)v

L=L1+Ly+ L+ L. ®)

III. EXPERIMENTAL RESULTS
A. Dataset and Evaluation Metrics

The LFAV [19] dataset comprises 5,175 videos totaling 302
hours, covering 35 categories, with 52% containing three or
more event types. All videos are longer than 30 seconds and
include at least one second of audio or visual events; 74%
exceed two minutes, and 2% exceed ten minutes. The dataset
is randomly split into 3,721 training, 486 validation, and 968
test videos, with 24,875 video-level and 23,666 secondary
event annotations (validation and test sets only). Each event
category appears at least 146 times, with significant inter-
category label correlations. Event-level predictions for audio,
visual, and audio-visual modalities are evaluated using the F1-
score, and segment-level predictions using mAP.

B. Implementation Details

Our experimental settings follow ECF [19]. using a batch
size of 16 and Adam optimization (initial learning rate 1 x
10~%) for 30 epochs, with the learning rate reduced by 0.1
every 10 epochs. In the snippet prediction stage, number of
heads 4, dropout 0.2, and SDB-to-ADB ratio 1:2. In the event
extraction stage, the semantic edge confidence threshold is 0.5.
For the L. loss, the L. and £, weights o and 3 are set to
0.5 and 0.3, respectively.

C. Comparison with State-of-the-art Methods

Quantitative results on the LFAV dataset are summarized
in Table I. It is observed that ESDN achieves superior per-
formance across all evaluation metrics, notably surpassing the
ECF baseline. The systemic gains across all event categories—
highlighted by a significant 10.2% relative improvement in
the event-level Audio F1-score (from 25.36% to 27.94%) and
consistent leads in both snippet-level mAP (56.53% avg.)
and event-level Fl-score (29.27% avg.)—demonstrate that
ESDN robustly addresses the inherent challenges of seman-
tic entanglement and noise interference. Such comprehensive
improvements validate the synergistic effect of integrating a
denoising architecture with multi-granularity supervision for
long-form video understanding.

To qualitatively verify these advantages, a representative
comparison is provided in Fig. 3. In this dense temporal
overlap scenario, the ECF model fails to detect the guitar event
and suffers from noise interference during singing recognition,
resulting in low recognition precision. In contrast, ESDN
accurately localizes the previously missed events and attains
significantly higher precision. These results further indicate
that the proposed framework effectively decouples relevant
event semantics from the noise induced by overlapping events
and intertwined multimodal signals, thereby substantially en-
hancing overall recognition and localization capabilities in
complex environments.

D. Ablation Studies

Ablation study of CSDA and MSG. Table II assesses
the respective contributions of CSDA and MSG. Comparing
Model #1 (baseline) with Model #3 reveals that incorporating
CSDA alone yields substantial gains, confirming its pivotal
role in suppressing cross-modal noise and disentangling event
semantics. In contrast, Model #2 (MSG only) results in limited



TABLE 11
ABLATION STUDY OF CSDA AND MSG OF OUR PROPOSED METHOD.

Model ‘ CSDA ‘ MSG ‘

mAP (%) (snippet-level)

F1-score (%) (event-level)

Audio Visual Audio-visual Avg. Audio Visual Audio-visual Avg.

#1 X X 51.66 64.10 50.11 55.29 25.36 32.44 26.61 28.14

#2 X v 49.55 64.50 48.20 54.09 25.92 32.68 25.74 28.11

#3 v X 51.74 65.35 50.23 55.77 26.67 32.55 27.16 28.76

#4 v v 52.48 66.13 50.98 56.53 27.94 3291 26.96 29.27
TABLE III

EFFECTS OF DIFFERENT COMPONENTS, Ajpjt, AND SDB:ADB STACKING
RATIO ON MODEL PERFORMANCE. ONLY AVG-MAP AND AVG-F1 ARE
REPORTED FOR COMPACTNESS.

Setting Avg-map (%) Avg-F1 (%)
Component Ablation
full 56.53 29.27
w/o GSF 54.40 27.45
w/o Diff 54.36 28.85
wlo Ls 54.35 27.96
w/o Le 54.07 28.02
SDB:ADB
3:0 55.69 29.04
2:1 55.77 28.76
1:2 56.53 29.27
0:3 55.59 28.49
Ainit
0.8-0.6exp(—0.31) 56.14 28.74
0.8 55.50 28.28
0.35 56.53 29.27

or even negative performance gains. This observation indicates
that in long-form videos with severe semantic entanglement,
fine-grained supervision cannot be effectively leveraged with-
out a robust denoising architecture. The best performance
achieved by Model #4 (CSDA + MSG) validates a critical
synergy: CSDA purifies the feature representations, thereby
providing a solid foundation for MSG to perform both precise
segment-level semantic calibration and deep event-level rela-
tion modeling. These results confirm that the synergy between
CSDA and MSG effectively resolves the core challenges of
semantic entanglement and noise interference in long-form
scenarios.

Ablation Analysis of Model Components, Noise Ini-
tialization, and Pyramid Stacking. As summarized in Ta-
ble III, within the Cross-modal Semantic Differential Attention
(CSDA) module, the removal of Global Semantic Fusion
(w/o GSF) or the replacement of the Cross-modal Differential
Mechanism (w/o Diff.) with standard cross-modal attention
results in a significant performance decline. These results val-
idate the necessity of GSF for maintaining long-term semantic
consistency, while demonstrating that the cross-modal differ-
ential mechanism is essential for actively decoupling noise
and enhancing relevant features. Furthermore, the performance
decline resulting from the ablation of either £, or L. confirms
that neither component can be neglected. This demonstrates
that fine-grained segment-level semantic guidance and effec-
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Fig. 3. Qualitative comparisons with the previous best method ECF.dashed
boxes mark undetected Guitar events.

tive inter-event relation modeling are both indispensable for
the MSG mechanism. Specifically, £, facilitates precise local
feature characterization, while £, ensures that the model can
adequately exploit relational semantics without being hindered
by the volatility of global classification targets.

Analysis of the pyramid hierarchy reveals that both the stan-
dalone SDB and hybrid SDB-ADB configurations yield sub-
stantial improvements over the baseline. Notably, an SDB-to-
ADB ratio of 1:2 provides the optimal trade-off, demonstrating
that aggressive denoising in shallow layers effectively curtails
local noise accumulation, while the alternating units in deeper
layers successfully achieve a balance between noise suppres-
sion and temporal dependency modeling. Furthermore, exper-
iments on noise initialization indicate that excessively high
Ainit values trigger over-denoising and subsequent signal atten-
uation. Conversely, maintaining Ajn;; = 0.35—approximating
the starting point of the dynamic schedule 0.8—0.6 exp(—0.31)
[20]—facilitates an effective suppression of irrelevant noise
while preserving the richness of integrated features.

IV. CONCLUSION

To resolve the challenges of semantic entanglement and
noise in long-form videos, the Event-Centric Semantic Dif-
ferential Denoising Network (ESDN) is proposed. Specifically,
SD-PMT utilizes Cross-modal Semantic Differential Attention
to actively decouple noise from event semantics, while em-
ploying a pyramid hierarchy strategy to reconcile the conflict
between local denoising and long-range temporal modeling.
Furthermore, the Multi-Granularity Semantic Loss Guidance
mechanism is incorporated to mitigate label noise and enhance
inter-event relation modeling. Extensive experiments confirm
that ESDN significantly outperforms existing methods.
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