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ABSTRACT

This report presents our systems submitted to the audio-only and
audio-visual tracks of the DCASE2025 Task 3 Challenge: Stereo
Sound Event Localization and Detection (SELD) in Regular Video
Content. SELD is a complex task that combines temporal event
classification with spatial localization, requiring reasoning across
spatial, temporal, and semantic dimensions. The last is arguably the
most challenging to model. Traditional SELD architectures rely on
multichannel input, which limits their ability to leverage large-scale
pre-training due to data constraints. To address this, we enhance
standard SELD architectures with semantic information by integrat-
ing pre-trained, contrastive language-aligned models: CLAP for au-
dio and OWL-VIiT for visual inputs. These embeddings are incor-
porated into a modified Conformer module tailored for multimodal
fusion, which we refer to as the Cross-Modal Conformer. Addition-
ally, we incorporate autocorrelation-based acoustic features to im-
prove distance estimation. We pre-train our models on curated syn-
thetic audio and audio-visual datasets and apply a left-right chan-
nel swapping augmentation to further increase the training data.
Both our audio-only and audio-visual systems substantially outper-
form the challenge baselines on the development set, demonstrating
the effectiveness of our strategy. Performance is further improved
through model ensembling and a visual post-processing step based
on human keypoints. Future work will investigate the contribution
of each modality and explore architectural variants to further en-
hance results.

Index Terms— Sound Event Localization and Detection, Stereo
Sounds, Audio-Visual Machine Learning, Multimodal Localiza-
tion, Audio Understanding

1. INTRODUCTION

Sound Event Localization and Detection [1] is a combined task that
integrates sound event detection (SED) 2] and sound source local-
ization (SSL) [3]. The goal is to identify active sound events from
predefined target classes, track their temporal activity, and estimate
their spatial positions. SELD systems are crucial for a wide range
of real-world applications, including human-robot interaction [4],
security monitoring, and immersive media production [3].
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Since 2019, SELD has been a dedicated task in the Detection and
Classification of Acoustic Scenes and Events (DCASE) Challenge.
Over successive editions, the task has evolved to include increas-
ingly complex scenarios, such as detecting moving sound sources
[6], ignoring external interfering sounds [7], incorporating visual
input to enable multimodal SELD in 360° videos [8], and estimat-
ing source distance [9]. In this year’s edition, the challenge has
shifted from the traditional 4-channel first-order ambisonics (FOA)
and microphone array (MIC) formats to stereo SELD using conven-
tional frontal video content, i.e., leveraging only left and right audio
channels and perspective video. This format is better aligned with
the requirements of conventional media content. In stereo SELD the
DOA prediction is limited to the azimuth angles in the range [-90°,
90°], as elevation is ill-defined when using just two horizontally ar-
ranged channels, and distinguishing between front and back sources
is inherently ambiguous. Source distance estimation, introduced in
the previous edition, remains part of the task. Additionally, in the
audio-visual track, a new subtask has been introduced: predicting
whether sound sources are onscreen or offscreen.

SELD is a non-trivial task, as it requires reasoning across spa-
tial, temporal, and semantic dimensions: spatial information gives
cues for direction and distance estimation; temporal information
marks movements and onsets/offsets of sound source activity; se-
mantic information identifies objects, their relations and likely be-
haviors. Recent advances in large language models (LLMs) [10],
vision-language models (VLMs) [11], and audio-language mod-
els (ALMs) [12]] demonstrate that language is a powerful lens for
enabling semantic understanding and complex reasoning in rela-
tion to media content. Building on this, we posit that leveraging
language-aligned models can enhance a SELD model’s semantic
reasoning and hence indirectly benefit spatial and temporal reason-
ing. Traditionally, spatial localization relies on multichannel au-
dio, allowing models to infer source positions through inter-channel
time and level differences. However, this dependence limits the use
of large-scale pre-training datasets, as language alignment typically
requires extensive pre-training on large and diverse datasets. There-
fore, we extend our SELD architecture by integrating two existing
language-aligned models: CLAP [13| for the audio modality and
OWL-VIiT [14] for the visual modality. Specifically, we extract
audio and visual embeddings using their respective pretrained en-
coders and combine them with SELD embeddings obtained from a
CNN-Conformer backbone, a widely adopted architecture in SELD
research [15, [16} [17]. We argue that the embeddings from CLAP
and OWL-ViT are semantically rich and provide complementary
information to the task. To fuse these embeddings, we employ an
adapted version of the Conformer architecture [[18], which we refer
to as the Cross-Modal Conformer (CMC). This module is used to
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Figure 1: Proposed audio-visual model (left). Blue blocks are
frozen, red ones are pre-trained on the audio 5k and audio-visual 2k
datasets, yellow on audio-visual 2k dataset only. Cross-Modal Con-
former (CMC) architecture adapting the original Conformer [18]] to
process two generic modalities “Alpha” « and “Beta” /3 (right).

integrate intra-modal embeddings from different sources (e.g., the
SELD audio encoder and CLAP) and inter-modal embeddings (i.e.,
the combined audio representation and the visual embedding from
OWL-ViT). This architecture is outlined in Sec. 2]

This report describes the two audio systems we submitted to track
A, and the four audio-visual systems we submitted to track B of the
challenge. To tackle the distance estimation subtask, we partnered
common SELD input features with short-term power of the autocor-
relation stpACC features [19] in Sec.[3] We synthesized and care-
fully curated large audio and audio-visual datasets used to pre-train
our models, described in Sec.[d] Our audio-visual work includes a
visual post-processing step based on human keypoint detection and
model ensembling, which is described in Sec.[5]on experiments.

2. PROPOSED ARCHITECTURE

The proposed model incorporates a primary SELD encoder that ex-
tracts SELD embeddings from multichannel input features. These
embeddings are then integrated with the CLAP audio embedding
through a cross-modal cross-attention mechanism. We adapted
the Conformer architecture to accommodate inputs from different
modalities. The resulting audio representation is subsequently fused
with a visual embedding extracted using OWL-ViT leveraging a
second cross-modal Conformer. Finally, a feed-forward module
composed of two linear layers predicts multi-ACCDDOA vectors
modeling up to N=3 tracks [20], including on- and off-screen ac-
tivity predictions as in the challenge baseline. The model is trained
using class-wise Auxiliary Duplicating Permutation Invariant Train-
ing (ADPIT) loss [211 22} [23]].

2.1. SELD Encoder

For the SELD encoder, we adopted a CNN-Conformer architec-
ture, as it is widely adopted in SELD research [15, 16, [17]. It
consists of a CNN encoder followed by a Conformer module [18].
The CNN encoder processes stereo input features, with an input of

Challenge

shape Cin XTin X Fin. Where, Ci, represents the number of fea-
ture channels, while 7}, and Fi, the number of temporal and fre-
quency bins, respectively. The CNN encoder comprises four convo-
lutional blocks with residual connections, each containing two 3x3
convolutional layers, BN [24], ReLU activation, and Avg pooling
with a stride of 2, halving the temporal and frequency dimension at
each block. The resulting tensor of shape 512 x Tin /16 X Fin/16
is reshaped and frequency Avg pooling is applied to achieve a
Tin/16 x 512 embedding. T}, is chosen so that T}, /16 matches
the label frame rate (10 labels/sec). A Conformer module with
four layers and eight attention heads processes this embedding, us-
ing depthwise convolutions with kernel size of 51.

2.2. Cross-Modal Conformer

The CMC is an adapted version of the Conformer architecture pro-
posed by Gulati et al. [18]. A schematic representation is shown
on the left side of Figure[l] where a generic modality “Alpha”
e RT«*4k s combined with another modality “Beta” € R78 >k
[4]. Each sub-module within the architecture retains the struc-
ture of the original Conformer modules, with the key modifications
being two initial feed-forward layers that independently process
the two modalities in parallel. Additionally, the standard multi-
head self-attention mechanism is replaced by a multi-head cross-
attention module, where queries are derived from modality Alpha
and keys/values from modality Beta. We utilize two CMC blocks in
our model: the first fuses SELD embeddings with semantically rich
CLAP embeddings; the second combines the resulting audio rep-
resentation with semantically and spatially rich visual embeddings
extracted by OWL-ViT. We found that a single layer sufficed for au-
dio fusion, while two layers yielded the best performance for audio-
visual fusion. Consistent with the Conformer module of the SELD
encoder, each CMC employs eight attention heads and depthwise
convolutions with a kernel size of 51.

2.3. Video Embedding Extraction

Since SELD involves spatial, semantic, and temporal reasoning, our
previous works [16} [25]] employed ResNet50 [26] to extract visual
features from each individual video frames, capturing the temporal
dimension across time. To obtain per-frame visual embeddings, a
7xT average pooling operation was applied, resulting in a single
feature vector for each frame. However, we now argue that this ap-
proach degrades spatial resolution, limiting the model’s ability to
utilize fine-grained spatial cues. In contrast, other works, such as
[27] or this year’s baseline system, apply average pooling across
the channel dimension of the ResNet50 output, preserving the 7x7
spatial layout. Yet, we believe that this alternative sacrifices seman-
tic richness, as pooling across channels degrades the learned feature
representations.

Effectively managing time, space, and channel information in a uni-
fied framework is non-trivial. Nevertheless, we argue that temporal
dynamics can be effectively captured by the SELD encoder itself.
As such, the visual processing branch should be optimized to better
leverage semantic and spatial information. To this end, we sacrifice
temporal granularity in the visual stream. We replaced ResNet50
with OWL-ViT [14], a contrastive, language-aligned model, like
CLAP, but specifically trained for visual grounding tasks like ob-
ject detection. As a result, OWL-ViT produces visual embeddings
that are both semantically and spatially rich. To retain some tempo-
ral context without incurring high computational costs, we sample
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video frames at 1 fps. The resulting embeddings are then aggregated
via temporal average pooling. All individual ViT token embeddings
are maintained to preserve spatial and semantic information.

OWL-VIiT requires square input frames of size 768 x 768. To avoid
distorting the original rectangular frames in the dataset, we explored
two pre-processing strategies during preliminary experiments: let-
terboxing the frames with black bars to preserve the aspect ratio,
and applying a non-linear spatial transformation that preserves ob-
ject proportions in the central region while progressively stretch-
ing the top and bottom areas. This second approach is based on
the assumption that most sound events occur near the center of the
frame. The non-linear re-framing method yielded slightly better
performance, and we therefore integrated it into our pre-processing
pipeline. Visual tokens are extracted from 32x32 pixel patches,
resulting in 576 tokens per frame, plus an additional classification
token. Each token embedding has a dimensionality of 768. To align
with the model’s architecture, we apply a linear projection to reduce
this dimensionality to d=512. These OWL-ViT embeddings serve
as key/value pairs (i.e., modality “Beta”) in the second CMC.

3. ACOUSTIC INPUT FEATURES

Since the left and right audio channels in the dataset are arith-
metically derived from FOA signals, rather than captured by two
physically separated microphones, they should not present inter-
channel time or phase differences. So, we adopted the inter-channel
level difference (ILD) as the primary spatial feature for the SELD
encoder, alongside log mel spectrograms computed independently
from each channel. ILD features are calculated as the ratio of the
squared magnitudes of the short-time Fourier transforms (STFTs)
of the two channels, and subsequently mapped into the log mel do-

main: 5
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where L(f,t) and R(f, t) are the STFTs of the left and right chan-
nels, respectively, Hpe1 is the mel filter bank, € is a small constant
to avoid division by zero and instability, and m in the mel frequency
index. To further support the model in the distance estimation sub-
task, we include short-term power of the autocorrelation (stpACC)
features, as proposed in [19]. The final concatenation of acoustic
input features has a channel dimension of Ci,=4.

4. PRE-PROCESSING AND DATA AUGMENTATION

We pre-trained our model on synthetic data while keeping the
CLAP audio encoder and OWL-ViT weights frozen. Synthetic
FOA audio was generated using SpatialScaper [28]], which con-
volves FSD50K sounds with RIRs from various datasets
(6,30 311,32}, 331 34}, 33]]. We created 5,000 one-minute FOA clips
averaging 18 events per clip (std=6), and 500 additional clips for
validation. Background noise levels were sampled from a normal
distribution (mean=-65dB, std=15) to encourage robustness. We
overrepresented “Knock™ and “Bell” sounds due to their detection
difficulty. Using the provided stereo SELD generator, we split each
FOA clip into twelve 5-second segments (i.e., with hop size=5s), fil-
tered out silent ones, and applied four random FOA rotations to each
segment before extracting the stereo sounds, resulting in ~150k
training clips. We’ll refer to this synthetic dataset as “audio 5k”,
as it is derived from 5,000 FOA files. Models were then fine-tuned
on the real content of the stereo STARSS dataset.
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Figure 2: Examples of synthetic scenes (clockwise from top left)
in a restaurant, a walk-in wardrobe, a hotel room, a first-floor flat.
The foreground tiles (bell*, laughter, door*, bell*, telephone) are
applied with a soft cross-fade to avoid strong edges. * Generated
with NitroFusion [39].

For the audio-visual model, we generated an additional 2,000 FOA
clips with SpatialScaper and synthesized corresponding videos us-
ing SELDVisualSynth [36]]. To enrich the quality of the visual out-
put, we manually curated and extracted class-relevant images from
Flickr30k [37]. We also selected images of doors from DoorDetect
[38]], which have been employed for “door open/close” and “knock”
sounds. Furthermore, we created additional synthetic foreground
images for each sound class using NitroFusion [39]]. Instead of em-
ploying the background canvases provided with SELDVisualSynth
which consists primarily of outdoor environments, we adopted the
+2,000 environments of the 360-Indoor dataset [40]. We also im-
plemented a soft cross-fade between background canvases and fore-
ground object tiles to remove strong artificial edges from the pre-
training dataset. Figure[2]shows example frames from the dataset.
We initialized the SELD encoder and audio CMC with weights from
the audio-only pre-training, and continued training on the +60,000
audio-visual clips generated following this approach. We refer to
this dataset here as “audio-visual 2k”.

To further increase the size of the training dataset and model robust-
ness, we adapted augmentations to the stereo scenario, the audio-
channel swap (ACS) [13]] and video pixel swap (VPS) [[16] 41} [42].
Thus, we swapped the left and right audio channels, and flipped the
corresponding video frames to double the size of the training data.
The synthetic data augmented with such methods gave over 410h of
stereo audio data and an additional 168h of audio-visual data.

5. EXPERIMENTS

5.1. Implementation Details

Audio spectrograms were generated via STFT with a 512-point
Hann window and 150-sample hop size. With a sampling rate of
24 kHz, this produces 800 temporal bins for the 5-second input
clips. We used 64 mel bins for our spectrograms. For stpACC fea-
tures, we applied an STFT with a 1014-point Hann window. This
ensures that the autocorrelation covers delays up to approximately
20 ms after the direct sound. We then downsample the time-lag di-
mension by a factor of 8 to achieve 64 bins and allow concatenation
with the other features. More details about stpACC can be found in
[19]. The SELD encoder and the first CMC are pre-trained on the
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synthetic audio 5k dataset for 100 epochs. Subsequently, the full
audio-visual model is further trained on the synthetic audio-visual
2k dataset for other 80 epochs. Finally, the model is fine-tuned on
the training partition of the real development set for 80 epochs, se-
lecting the best based on the highest F1 score on the test partition.
Models are trained with batch size 32 using Adam optimizer. After
the first 30 epochs, the learning rate is reduced by 5% per epoch.

Our audio-only model is similar to the audio-visual one, but without
the OWL-VIT branch. Additionally, the second CMC is replaced
by a classic Conformer unit to match the depth of the audio-visual
model. Since the stereo viewing angle in the dataset is randomly
sampled from the full 360° frames of the STARSS23 dataset [8],
the number of off-screen sound events is significantly higher than
that of on-screen events. As a result, we observed that the model
tends to consistently predict “off-screen”, effectively suppressing
on-screen predictions. This behavior allows the model to reach a
stable ~80% accuracy, reflecting a bias toward the dominant class.
To address this imbalance, we train a second model using a modi-
fied loss function, in which the binary cross-entropy (BCE) loss for
on/off-screen predictions is multiplied by a factor of 4.0 whenever
the ground truth label is on-screen.

5.2. Visual Post-Processing

Inspired by the work of Jiang et al. [41], we implemented a visual
post-processing step based on human keypoint detection. Specif-
ically, we process the video frames using YOLOv11-Pose [43]] to
extract keypoints. We then map specific sound event classes to
corresponding human keypoints: female speech, male speech, and
laughter are associated with the nose keypoint; clapping with the
average position of the left and right wrists; and footsteps with the
average position of the left and right ankles. If the predicted direc-
tion of arrival (DOA) for any of these classes falls within 20° of the
corresponding keypoint’s direction, we replace the predicted posi-
tion with that of the keypoint. We found that this method resulted
in a slight decrease in spatial accuracy. This drop may be attributed
to events being mistakenly linked to nearby individuals who are ac-
tually located in the opposite hemisphere but with similar lateral
position, or distortions introduced by the perspective projection,
which causes a non-linear mapping between pixel coordinates and
DOA values. For this reason, we ultimately chose not to apply this
spatial refinement technique to the DOA predictions. However, we
do use it to set the on/off-screen label to “on-screen” for all sound
event predictions associated with a visible human. As a result, this
post-processing step only affects the on/off-screen accuracy and the
F <200 /1/0n metrics.

5.3. Ensemble Strategy

To further improve performance, we employ an ensemble strategy
that combines predictions from multiple systems. At each time
frame, a sound event is considered active only if it is detected by
at least two systems, and their predicted DOAs are within 20° of
each other. For such events, the ensemble DOA is computed as
the average of the DOAs from all systems that detected the event.
There are two exceptions to this rule: for the “Bell” and “Knock”
classes, a detection from even a single system is sufficient to con-
sider the event active, as in [25]. Similarly, for the on/off-screen
classification, if at least one system predicts the event as on-screen,
the ensemble output is also considered on-screen.
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Table 1: Results on the development set of stereo STARSS23 [8]:
F<g00/1 (F1) [%], F<200 /1 /0n (Fl0) [%], Direction Of Arrival Er-
ror (DOAE) [°], On/Off Accuracy (Acc) [%]. The models audio-
only (AO) or audio-visual (AV); variants with weighted loss (+W),
visual post-processing (+P); Ensemble (Ens.) combines (1),(2),(3)
and (4). Submitted challenge models are denoted as 21:32:01:62:03.b4

Model Fi11 | FloT | DOAE] | RDEJ | Acct
Baseline AO 22.8 - 24.5 41.0 -

Baseline AV 26.8 | 20.0 23.8 40.0 | 80.0
(1) A0 45.7 - 15.0 31.0 -

(2) AO? 46.0 - 15.2 30.8 -

(3) AV 444 | 340 15.6 304 | 805
(3.1) AV+P! 44.4 | 344 15.6 304 | 805
(4) AV+W 455 | 354 15.2 322 | 808
(4.1) AV+W+PY? | 455 | 357 15.2 322 81.0
(5) Ens.” 48.0 | 37.3 14.0 293 | 80.8
(5.1) Ens.+P" 48.0 | 375 14.0 293 | 80.8

5.4. Results

The results for our audio-only (AO) and audio-visual (AV) systems
are presented in Table[T} The two AO systems are identical but were
trained with slightly different initial learning rates. We chose to re-
port and submit both, as they both contribute to improving the en-
semble performance. System (4) uses the same AV model as system
(3), but with the loss function that weights the on/off-screen pre-
dictions more heavily when the event is on-screen. The ensemble
model (5) combines predictions from systems (1), (2), (3) and (4).
Finally, applying visual post-processing to systems (3), (4) and (5)
results in the enhanced versions: (3.1), (4.1) and (5.1), respectively.

Both AO and AV systems substantially outperform the challenge
baselines. The AO systems achieved slightly better F<zg0,1 and
DOAE scores compared to the base AV systems (3) and (4), which
also need to predict on/off-screen labels, adding an extra layer of
complexity. Using a weighted loss function for on/off-screen classi-
fication gave only a minor gain in overall on/off accuracy. However,
it led to a 1.4 percentage point gain in F' <290 /1 /on. The visual post-
processing step, which only modifies on-screen predictions, brought
small gains in F <200 /1 /on- F<200/1, DOAE and RDE remained un-
changed as post-processing has no effect on localization and class
predictions. Finally, we observed RDE improvements of approxi-
mately 10 percentage points compared to the baselines. These gains
may be attributed in part to the inclusion of stpACC features, which
enhance the model’s ability to estimate distance.

6. CONCLUSION

This technical report describes the systems submitted to Task 3 of
the DCASE 2025 Challenge. Our approach leverages a model that
integrates semantically rich feature embeddings from CLAP and
OWL-VIT, fused through an adapted Conformer architecture. The
model is pre-trained on large, curated synthetic audio and audio-
visual datasets. All submitted systems outperform both the audio-
only and audio-visual baselines on the test partition of the develop-
ment set. Additional performance gains are achieved through model
ensembling and visual post-processing.
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