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Figure 1: Illustration of the unique visual and auditory challenges in AVEL for Portrait Mode (PM) short videos.

Abstract
While existing datasets for audio-visual event localization (AVEL)
predominantly comprise landscape-oriented long videos with sim-
ple audio context, short videos have become the primary format
of online video content due to the proliferation of smartphones.
Short videos are characterized by portrait-oriented framing and lay-
ered audio compositions (e.g., overlapping sound effects, voiceovers,
and music), which brings unique challenges unaddressed by con-
ventional AVEL datasets. To this end, we introduce AVE-PM, the
first AVEL dataset specifically designed for portrait mode short
videos, comprising 25,335 clips that span 86 fine-grained cate-
gories with frame-level annotations and sample-level labels in-
dicating background music (BGM) presence. Our cross-mode eval-
uation reveals that state-of-the-art AVEL models suffer an aver-
age 18.66% performance drop during cross-mode evaluations. Fur-
ther analysis identifies two critical challenges: (𝑖) Spatial bias in
PM videos, where standard center cropping degrades performance

due to distinct object distribution patterns. (𝑖𝑖) Audio complexity,
as BGM interference in short videos compromises audio reliabil-
ity. Our work establishes a foundational benchmark and provides
empirically validated strategies for advancing AVEL research in
the mobile-centric video era. Dataset and code are available at
https://github.com/dzdydx/ave-pm.

CCS Concepts
•Computingmethodologies→Computer vision tasks; Speech
recognition.

Keywords
Audio-visual Event Localization, Portrait Mode Video, Multimodal
Learning
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1 Introduction
As a pivotal task in multimodal scene understanding, audio-visual
event localization (AVEL) has gained significant attention due to
its wide-ranging applications [28, 30]. Since the publication of the
AVE dataset [32], considerable progress has been made in this field
[9, 26, 27, 33, 41, 44]. Recent introductions of diverse datasets in-
cluding LLP [31], XD-Violence [37] and UnAV-100 [11] have further
expanded the scope of investigation.

Contemporary AVEL datasets are predominantly constructed
using landscape-oriented long videos sourced from platforms like
YouTube [11, 31, 32] and movies [37]. However, the proliferation
of smartphones and social media has established portrait-oriented
short videos as the primary format of online video content [25]. In
this paper, we present the Audio-visual Event in Portrait Mode
(AVE-PM) dataset, the first portrait mode short video dataset ded-
icated to AVEL research. The dataset contains 25,335 10-second
video clips that span over 86 fine-grained categories with human-
annotated event onsets and offsets. Sample-level binary labels are
provided to indicate the presence/absence of background music in
each video. Detailed illustration of AVE-PM is presented in Fig. 2.
All the videos are sourced from Douyin 1, ensuring authentic rep-
resentation of unconstrained user-generated content comparable
to the AVE dataset [32].

We conduct cross-mode evaluation to investigate whether exist-
ing AVELmodels trained on landscapemode datasets can generalize
to portrait mode videos, and vice versa. For a rigorous comparison,
we selected 10 overlapping categories from AVE dataset [32] and
AVE-PM, constructing two subsets: Selected-LM and Selected-PM.
We conducted cross-mode evaluationswithmultiple state-of-the-art
AVEL models. An average 18.66% performance drop demonstrates
significant degradation in all the selected models, which reveals
the domain gap between landscape and portrait mode videos.

More specifically, the change of filming device and user behavior
in short video era not only implies a simple change in the aspect ra-
tio, but also brings fundamental changes to content characteristics.
As demonstrated in [13], portrait mode videos exhibit stronger sub-
ject focus (typically humans) with reduced background context and
increased first-person perspective content. Moreover, users tend to
create complex audio compositions featuring layered soundtracks
(e.g., overlapping sound effects, voiceovers and music). These dis-
tinctive characteristics present novel challenges for AVEL systems,
as existing methods struggle to generalize to short videos when
trained with long videos.

To further explore the fundamental differences between land-
scape mode long videos and portrait mode short videos, we iden-
tified two key aspects from the perspective of AVEL tasks: (𝑖) the
influence of spatial bias in the video domain, and (𝑖𝑖) the complexity
of audio content.

We measure the influence of spatial bias in the video domain
by visualizing YOLOv5 [15] bounding box distributions, which
reveals that portrait mode videos exhibit more concentrated object
information, primarily located in the central-lower portion of the
frame, whereas landscape mode videos display objects that occupy
a smaller proportion of the frame, being tightly focused around

1Douyin is a popular social media application built for smartphones and primarily
features portrait mode short-form videos. https://www.douyin.com/

Table 1: Comparison with related audio-visual datasets. LM:
landscape mode. PM: portrait mode. EB: event boundaries.

Dataset Type Videos Classes Avg.
Duration EB

Audioset [10] LM 2.1M 527 10s ✗

PM-400 [13] PM 76K 400 27s ✗

3MASSIV [12] PM 50K 34 20s ✗

AVE [32] LM 4,143 28 10s ✓

LLP [31] LM 11,849 25 10s ✓

XD-Violence [37] LM 4,754 6 2.74m ✓

UnAV-100 [11] LM 10,790 100 42.1s ✓

AVE-PM (Ours) PM 25,335 86 10s ✓

the very center, as shown in Fig. 4. Upon this observation, we
explore multiple preprocessing recipes, finding that standard center
cropping degrades performance on PM content due to critical object
information concentrated in the lower-central frame regions.

Regarding audio composition, short videos frequently incorpo-
rate noisy background music (BGM) for entertainment purposes,
which may interfere with event understanding. To this end, we sys-
tematically investigated audio signal processing methods for BGM
removal to propose a common practice for audio preprocessing
in short videos. Results show that self non-negative matrix factor-
ization (NMF) emerges as the most robust approach, consistently
enhancing all three models (AVELN: +2.50%, CPSP: +1.00%, CMBS:
+1.62%) by leveraging intra-video non-event segments for adaptive
BGM suppression.

In summary, our contributions are: (𝑖) We curate AVE-PM, the
first audio-visual event dataset designed to accurately localize
events in portrait mode short videos. (𝑖𝑖) We conduct cross-mode
evaluation to reveal that existing AVEL methods struggle to gener-
alize between LM and PM videos (avg. 18.66% performance drop).
(𝑖𝑖𝑖) In the visual branch, we demonstrate that PM videos exhibit
distinct object distribution patterns, with standard center cropping
degrading performance on PM videos. (𝑖𝑣) In the audio branch,
we explore audio signal processing strategies to remove the back-
ground music in short videos. Results show that self NMF method
boosts three AVEL models by up to +2.50% in accuracy.

2 Related work
2.1 Audio-visual event datasets
Large-scale audio-visual datasets like Kinetics-Sound [1], AudioSet
[10] and VGGSound [3] contribute to advancing audio-visual learn-
ing and recognition tasks in machine perception. However, these
datasets only contain clip-level annotations with event boundaries.
Audio-visual event localization (AVEL) is more intricate because it
requires both classification and localization of audio-visual events.
AVE dataset [32] is the first AVEL dataset, which is a subset of Au-
dioSet [10] with event temporal boundaries annotated. LLP dataset
[31] introduced audio-visual event parsing where video samples
contain multiple events. UnAV-100 dataset [11] proposed dense lo-
calization of multiple audio-visual events in untrimmed videos. All
these datasets are all sourced from landscape-oriented videos, while
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recent research has focused on developing datasets and methods
for audio-visual recognition in diverse video formats, especially
short videos in portrait mode. 3MASSIV [12] is a multilingual and
multimodal dataset of short social media videos which includes a
great proportion of portrait mode videos. However, it focuses on
visual concepts rather than specific actions, with only 34 coarse
concepts in total. PortraitMode-400 (PM-400) [13], the first dataset
consisting of portrait mode short videos for action recognition, has
addressed challenges unique to this format. Detailed comparison
with related audio-visual datasets is shown in Tab. 1.

2.2 Audio-visual event localization
Recent advances in audio-visual event localization focus on en-
hancing cross-modal alignment and temporal modeling. Attention
mechanisms have been widely adopted, including bidirectional
global-local attention [39] and cross-modal co-attention [22, 43]. To
address modality interactions, AVSDN [20] applies a sequence-to-
sequence cross-modal architecture, while relation-aware networks
[41] and semantic modulation frameworks [33] explicitly model
audio-visual correlations. Special architectures like MM-Pyramid
[46] andMPN [45] leverage multi-scale features, while [38] improve
event continuity modeling with span-based approaches. Weakly-
supervised methods address label scarcity via contrastive learning
strategies [47, 48] and novel loss functions [44]. To mitigate noise
interference, [40] adopts background suppression techniques. Opti-
mization methods like OGM-GE [24] alleviate modality imbalance.
Recent innovations also explore efficient adaptation of pre-trained
vision transformers [21] and latent summarization for temporal
inconsistency [8, 14]. However, since all the available datasets are
mainly constructed with clips from landscape-oriented long videos,
the ability to generalize on portrait mode videos has not yet been
discussed.

3 The AVE-PM dataset
3.1 Taxonomy
Following the practice of AVE dataset [32], themost commonly used
dataset in AVEL, we select specific categories from PortraitMode-
400 [13], the first dataset dedicated to portrait mode video recog-
nition. The hierarchical tree structure taxonomy of PortraitMode-
400 is then inherited in AVE-PM. Although most of the videos in
PortraitMode-400 contain an audio track, not all the categories
precisely match the common definition of audio-visual events (e.g.,
Makeup and performing acupuncture). Therefore, we built the ontol-
ogy graph of PortraitMode-400 and compared it with the ontology
of AudioSet [10] to obtain 200 candidate categories in PortraitMode-
400 that possibly contain audio-visual events. Then, we randomly
sampled 20 videos from each category and provided them to ex-
pert annotators as a test run, where we filtered out 100 candidate
categories for further annotation. Finally, we regrouped these cate-
gories into 8 high-level domains that cover most of the occasions
in daily life, spanning from human activities to natural sounds.

3.2 Dataset construction
Data collection. According to the video ids provided in [13], we

collected raw videos from Douyin platform, a popular social media
application built for smartphones and primarily features portrait

(a) Distribution of event duration (b) Distribution of aspect ratios

Figure 2: Illustrations of statistics on AVE-PM. (a) Distribu-
tion of event duration. (b) Distribution of aspect ratios in
AVE-PM, where 94.7% videos are in portrait mode with 9:16
format (width:height).

mode short videos. We performed an audio quality analysis and
observed that a large proportion of videos contain background
music. While previous datasets such as AVE [32] and UnAV-100 [11]
have excluded such videos to ensure clean audio tracks, we argue
that this approach may not fully align with real-world scenarios,
as background music is prevalent in short videos. Removing these
videos alters the data distribution, thus limiting the potential for
further applications. Therefore, we choose to provide a haveBGM
flag for each annotated video so that the quality of the dataset is
guaranteed while utilizing these noisy videos remains an option.

Data annotation. We developed a custom video annotation tool
for clearer visualization and annotated raw videos by crowdsourc-
ing. Presented with the category of target audio-visual event, an-
notators are asked to mark the onset and offset of the event on
the waveform graph of provided video, as well as confirm the pres-
ence of background music within the region. To facilitate accurate
temporal boundary identification, which can be challenging based
solely on visual cues, annotators are provided with both the wave-
form and spectrogram of the audio track. To ensure annotation
quality, approximately 20% of videos have at least two annotations
from two different annotators. A third annotation is required if two
annotations differs too much (i.e., a discrepancy of 0.5 seconds or
more in either the onset or offset) from each other.

0 20 40 60 80
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Figure 3: Distribution of the BGM ratios of each category.
The bars represent the count of samples with and without
BGM for each category. The average BGM ratio of AVE-PM
dataset is 59.11%.

Post processing. Since the durations of raw videos vary from 8
seconds to 1 minute, we cut the raw videos into multiple 10-second
clips, following the practice of AVE dataset [32].We then discard the
clips in which the event lasts less than 1 second. We also filtered out
the categories where valid clips are less than 100, resulting in dis-
carding 14 categories out of 100 annotated categories. Through post

3
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processing, we managed to guarantee that each category contains
at least 114 clips.

3.3 Statistical analysis
The AVE-PM dataset comprises 24,450 10-second video clips, each
containing a single audio-visual event with temporally annotated
onset and offset timestamps. The annotated audio-visual events
have an average duration of 8.55 seconds. Additionally, each sample
is accompanied by a binary haveBGM label indicating the presence of
background music. We split the dataset into training, validation and
testing sets with a ratio of 7:1:2. The samples from each category
are distributed into each subset according to this ratio, thereby
guaranteeing consistency in the data distribution across the subsets.
The illustrations of statistics are presented in Fig. 2.

In Fig. 3, we present the proportion of samples containing back-
ground music for each category. The entire dataset contains 59.11%
of samples with background music. The tendency of users to add
background music varies significantly depending on the content of
the videos. For instance, in the categories of meowing and playing
fingerstyle guitar, the proportion of samples with background music
is less than 10% of the total samples in each category. In contrast,
in the categories of freeskating and skateboarding, this proportion
exceeds 80%. Although the target events remain audible, the pres-
ence of background music still poses a challenge for accurate event
localization.

To ensure alignment with real-world data distributions prevalent
in short video-based social media platforms, we preserve samples
with background music rather than discarding these videos. We
maintain that investigating this phenomenon is imperative, partic-
ularly given the prevalence of vertical short videos as the dominant
online video format. Understanding event semantics in such content
holds crucial practical significance, yet existing AVEL benchmarks
predominantly utilize landscape mode long videos. This design
choice not only enhances ecological validity but also enables sys-
tematic exploration of background music interference mitigation -
a critical capability for deploying AVEL systems in contemporary
digital environments.

4 Cross-mode audio-visual event localization
Landscape mode and portrait mode videos exhibit inherent differ-
ences in spatial priors and audio composition, driven by user behav-
ior and device constraints. We hypothesize that models trained on
one orientation may struggle to generalize to the other. To validate
this, we conduct a comprehensive cross-mode evaluation.

4.1 Experiment setup
To ensure a rigorous comparison between landscape mode and por-
trait mode audio-visual event localization, we select 10 overlapping
categories from the 28 classes of the AVE dataset to construct a
subset. We utilize all samples from the corresponding categories
of the AVE dataset to build the AVE subset landscape mode (S-
LM), which comprises 1,536 samples, accounting for 37% of the
total 4,143 samples in the AVE dataset. Subsequently, we select an
equal number of samples per category from the AVE-PM dataset to
construct the AVE-PM subset portrait mode (S-PM). By ensuring
identical taxonomy and equal data distribution per category across

both subsets, we establish a fair testing condition to validate the
differences in audio-visual event localization between landscape
and portrait videos, where the primary distinction between the
subsets lies in the data content itself.

We selected four distinct methods for comparison to encompass a
diverse range of network architectures.AVELN [32] is a dual multi-
modal residual network designed for the joint modeling of auditory
and visual cues. It is also the first model designed for the AVEL
task. CPSP [47] employs a contrastive positive sample propagation
method to enhance feature representation learning. CMBS [40] is
a cross-modal background suppression network aimed at reduc-
ing noise and improving localization performance. These models
all adopt separate visual and audio encoders, utilizing pre-trained
VGG and VGGish networks to extract video and audio features. In
a different direction, LAVISH [21] explores the use of a pretrained
Swin transformer [23], introducing a latent audio-visual hybrid
adapter that achieves competitive performance with fewer tunable
parameters.

All the experiments are conducted on a single NVIDIA RTX
4090 GPU. We use Adam [16] optimizer, a multistep scheduler
and a batch size of 32. Each training job on full AVE-PM dataset
takes about 4 hours, while on S-LM and S-PM it takes about 1
hour. The selected methods use slightly different learning rates
and data preprocessing configurations. For consistency, we retain
these settings only in the cross-mode evaluation experiments Tab. 2,
while keeping preprocessing uniform across all other experiments.

Table 2: Cross-mode evaluation accuracy (%) of selectedmeth-
ods on S-LM and S-PM.

Method Train Test Acc. Acc.
drop

Avg.
Acc.

AVELN [32]
LM LM 70.42 -20.55 60.14PM 49.87

PM LM 59.65 -11.64 65.47PM 71.29

CPSP [47]
LM LM 73.83 -21.32 63.17PM 52.51

PM LM 65.53 -7.88 69.47PM 73.41

CMBS [40]
LM LM 73.36 -11.01 67.87PM 62.36

PM LM 50.34 -25.41 63.04PM 75.74

LAVISH [21]
LM LM 85.85 -21.77 74.97PM 64.08

PM LM 74.41 -12.64 80.72PM 87.04

4.2 Cross-mode evaluation results
To demonstrate the domain differences between landscape mode
(LM) and portrait mode (PM) videos in the context of audio-visual
event localization, we conducted a cross-mode evaluation on the

4
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S-LM and S-PM subsets. We trained the selected models on different
subsets and evaluated their performance on the test sets of both
subsets, as shown in Tab. 2.

From the experimental results, the first observation we can make
is that all models exhibit their best performance when trained and
tested on the same subset. This indicates that audio-visual event
localization in portrait mode videos is not a trivial problem that can
be simply addressed by training existing models on current AVE
datasets and directly applying them to portrait mode videos. This
suggests that training with portrait mode videos is necessary for
existing methods to be applied to diverse scenarios like localizing
audio-visual events in short videos.

Another observation is that all models show varying degrees
of performance degradation in cross-mode evaluation. Among the
models trained on the S-LM subset and tested on the S-PM subset,
LAVISH experiences the largest accuracy drop, with a decrease in
accuracy of 21.77%. Conversely, among the models trained on the
S-PM subset and tested on the S-LM subset, CMBS shows the largest
accuracy drop, with a decrease in accuracy of 25.41%. This implies
that there are significant domain prior differences between portrait
mode and landscape mode videos, and existing methods are not
effectively designed to generalize between these two modes. There-
fore, further research is needed to address the unique characteristics
of portrait mode data.

(a) Object spatial distributions in S-LM subset. (left) aggregated
bounding box heatmap across the entire S-LM subset; (right) repre-
sentative frames with detected bounding boxes from a sample LM
video.

(b) Object spatial distributions in S-PM subset. (left) aggregated
bounding box heatmap across the entire S-PM subset; (right) repre-
sentative frames with detected bounding boxes from a sample PM
video.

Figure 4: Comparative analysis of object spatial distributions
in landscape and portrait videos. (a) Landscape-mode videos
show centralized object distribution with minimal spread.
(b) Portrait-mode videos exhibit vertically elongated distri-
bution with concentration in the lower-central region. Each
subfigure presents both the aggregated heatmap (left) and
annotated sample frames (right).

5 Analysis on spatial priors
We aim to further investigate the underlying causes of the observed
performance degradation, hypothesizing that distinct spatial pri-
ors exist between landscape and portrait videos. To validate this
hypothesis, we seek to localize the visual objects associated with
the target event in each frame for further analysis.

Specifically, we first resize all video frames to a uniform reso-
lution—1280×720 for the S-LM dataset and 720×1280 for the S-PM
dataset. For each frame, we use YOLOv5 [15] to detect the regions
containing event-related objects and set the pixels within the bound-
ing boxes to 1, while the remaining areas are set to 0. By aggregating
and averaging the pixel-wise values across all frames in both sub-
sets, we generate heatmaps illustrating the spatial distribution of
objects in each subset.

The results in Fig. 4 reveal that portrait-mode videos exhibit
more concentrated object distributions, primarily clustered in the
central-lower region of the frame, as shown in Fig. 4b. In contrast,
landscape-mode videos display objects occupying a smaller pro-
portion of the frame, tightly centered around the middle, as shown
in Fig. 4a. This disparity in spatial distribution contributes to the
observed performance differences, as all selected methods employ
center cropping as a preprocessing step for video frames. This
approach aligns well with the spatial characteristics of landscape-
mode videos, where target objects are predominantly concentrated
near the center of the frame—thus, center cropping primarily dis-
cards peripheral background information. However, this method
proves suboptimal for portrait-mode videos, as center cropping
inadvertently removes critical object information located in the
lower-central region of the frame. Consequently, the performance
degradation in portrait-mode videos can be attributed to the mis-
match between the center-cropping strategy and the actual spatial
distribution of objects in such videos.

5.1 Video preprocessing recipes for PM videos
The identified spatial distribution mismatch suggests that conven-
tional preprocessing pipelines, particularly those developed for
landscape-oriented content, may be fundamentally ill-suited for
portrait-mode videos. Most of the audio-visual event localization
methods utilize VGG network [29] pretrained on ImageNet [4] for
visual feature extraction, like AVELN [32], CPSP [47], CMBS [40]
and other methods [8, 14, 26, 34, 39, 42, 44, 46]. Therefore, the center
cropping size of these methods is set to 224×224 to match the input
size of VGG. Recently proposed vision transformer [5, 23] based
methods like LAVISH [21] and other methods [2, 19] utilize patch-
embedded visual frames in the shape of 192×192 as direct input
instead of using VGG features. Before conducting center cropping
on input frames, all aforementioned methods either adopt shorter-
side resizing to keep the original aspect ratio or simply resize the
visual frame to a square shape of 224×224 or 192×192.

In this subsection, we investigate three video preprocessing
strategies for audio-visual event localization: (a) Shorter-side re-
sizing [29]. It involves resizing the shorter side of the frame to a
fixed length or a random value within a range [35] while scaling
the longer side proportionally. (b) Inception-style augmenta-
tion [6, 7, 18]. It involves random sampling, resizing and cropping,
which generates a more diverse group of inputs. (c) Longer-side
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Table 3: Comparison of accuracy (%) for different preprocess-
ing strategies applied to S-PM videos. “Original” denotes the
original preprocessing pipeline from the selected methods.
“Inception” refers to Inception-style resizing, which incorpo-
rates random sampling, cropping, and resizing. The optimal
result of each method is bold while the sub-optimal result is
gray.

Orig. Shorter. Longer. Incep.
center random

AVELN [32] 71.29 74.02 72.89 73.24 74.98
CPSP [47] 73.41 74.60 77.59 74.93 77.04
CMBS [40] 75.74 75.72 76.91 73.89 77.62
LAVISH [21] 87.04 86.30 86.56 87.23 86.01

resizing. To specifically address portrait-mode video challenges,
we propose this alternative approach where the longer dimension
is resized to a fixed length, with the shorter side proportionally
scaled and then symmetrically padded with zeros to form a square
input.

As shown in Tab. 3, the experimental results reveal distinct
preprocessing preferences across methods. VGG-based methods
achieve their best performance with Inception-style resizing (74.98%
for AVELN and 77.62% for CMBS) or shorter-side resizing with ran-
dom cropping (77.59% for CPSP), indicating that random operations
enhance robustness to aspect ratio distortions. In contrast, the
Vision Transformer-based LAVISH performs best with aspect ratio-
preserving longer-side resizing (87.23%), outperforming its original
square resizing (87.04%) and revealing ViTs’ sensitivity to geomet-
ric integrity. Notably, shorter-side strategies degrade LAVISH’s
accuracy by 0.48-0.74%, likely due to disruptive padding patterns.
These findings also suggest that both direct center cropping (Origi-
nal) and shorter-side resizing with center cropping fail to achieve
optimal performance across all methods. This observation aligns
with our spatial distribution analysis in Fig. 4, where portrait-mode
videos exhibit critical object information in the lower-central frame
regions—areas systematically excluded by conventional center crop-
ping strategies, suggesting that mainstream preprocessing pipelines
may not be directly applicable to portrait-mode videos due to spatial
prior incompatibilities.

5.2 Analysis on audio composition
Short video creators frequently incorporate artificial sound effects,
voiceovers, and background music (BGM) during production—a
practice that often obscures event-related acoustic information. Ex-
isting AVEL methods assume clean audio tracks with only target
events present, which is an unrealistic presumption and causes
severe performance degradation when tested on short videos, as
shown in Tab. 2. Meanwhile, existing methods for short video un-
derstanding either neglect this critical factor [13] or adopt coarse-
grained categorization for BGM-containing videos [12].

To address this challenge, we leverage the binary BGM annota-
tion (haveBGM) of AVE-PM and investigate audio preprocessing
strategies through two established signal processing techniques:

Non-negative Matrix Factorization [17] (NMF) and adaptive filter-
ing [36]. Our methodology capitalizes on two key observations: (𝑖)
BGM typically spans the entire video duration, while target events
occur sporadically, and (𝑖𝑖) 40.89% of samples contain no BGM, pro-
viding clean event templates. We then implement three distinct
approaches: (𝑖) Self NMF. Extract BGM templates from non-event
segments within the same video, then remove BGM via NMF de-
composition. (𝑖𝑖) Template NMF. Utilize clean event templates
from BGM-free samples to suppress BGM in contaminated audio
via NMF decomposition. (𝑖𝑖𝑖)Template LMS filtering: Apply Least
Mean Squares (LMS) adaptive filters derived from template libraries
to attenuate BGM components.

Table 4: Comparison of accuracy (%) of different BGM re-
moval techniques across different models.

Method Original Self
NMF

Template
NMF

LMS
Filtering

AVELN[32] 71.29 73.79 75.43 72.86
CPSP[47] 73.41 74.41 74.60 75.61
CMBS[40] 75.74 77.36 75.40 74.50

The results in Tab. 4 demonstrate varying impacts of BGM re-
moval techniques across different models. First, the effectiveness
of preprocessing strategies differs significantly depending on the
baseline method. For instance, Template NMF achieves the highest
accuracy improvement for AVELN (75.43%, +4.14% over no removal)
but slightly degrades CMBS performance (75.40%, -0.34%), while
Adaptive Filtering benefits CPSP the most (75.61%, +2.20%) yet un-
derperforms for CMBS (74.50%, -1.24%). Second, among the three
preprocessing strategies, Self NMF is the only approach that consis-
tently enhances performance across all models, improving AVELN
(73.79%, +2.50%), CPSP (74.41%, +1.00%), and CMBS (77.36%, +1.62%).
This suggests that leveraging intra-video non-event segments for
BGM suppression offers robust adaptability to diverse model archi-
tectures.

The findings highlight the critical role of BGM removal in short
video understanding. Self NMF’s reliance on internal video seg-
ments likely mitigates such issues by aligning BGM extraction
with the target audio’s acoustic properties. For practical deploy-
ment, Self NMF emerges as a universally applicable strategy, though
computational costs for real-time decomposition warrant further
optimization.

6 Conclusion
In this paper, we introduce the Audio-visual Event in Portrait Mode
(AVE-PM) dataset, the first dataset dedicated to audio-visual event
localization in portrait mode short videos. Through comprehensive
experiments, we demonstrated that existing AVEL models struggle
to generalize across video modes, revealing a significant domain
gap. We also identify the key differences between landscape mode
and portrait mode videos, such as spatial bias and audio complexity,
highlighting the need for specialized approaches. We make initial
attempts to investigate optimal preprocessing techniques for both
video and audiomodalities.We hope AVE-PM provides a foundation
for future research on portrait mode videos.
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