
Detection and Classification of Acoustic Scenes and Events 2026 Challenge

GISP@HEU’S SUBMISSION FOR DCASE 2026 TASK 6: FREQUENCY-AWARE
CROSS-MODAL FUSION FOR AUDIO MOMENT RETRIEVAL

Technical Report

Feiyang Xiao1†, Li’ang Luo1† , Kejia Zhang1, Qiaoxi Zhu2, Guangjun He3, Pengming Feng3

Wenwu Wang4, and Jian Guan1∗

1College of Computer Science and Technology, Harbin Engineering University, Harbin, China
2University of Technology Sydney, Ultimo, Australia

3State Key Laboratory of Space Information System and Integrated Application (SISIA), Beijing, China
4Centre for Vision, Speech and Signal Processing (CVSSP), University of Surrey, Guildford, UK

ABSTRACT

This technical report presents GISP@HEU’s submission for
DCASE 2026 Task 6 audio moment retrieval, which aims to re-
trieve corresponding segments in long audio recordings based on
the content-semantic correlation between audio and text queries. In
our submission, we describe four systems built upon the UVCOM
framework, focusing on improving the cross-modal fusion process
between audio and text features.

Index Terms— Audio moment retrieval, audio-text representa-
tion, frequency attention

1. INTRODUCTION

Audio Moment Retrieval (AMR) is a recently proposed audio-
language task that aims to retrieve temporal moments in long audio
recordings according to a natural-language query [1]. Unlike con-
ventional audio retrieval, which retrieves short audio clips from a
database, AMR requires precise localization of relevant segments
within untrimmed audio streams [2]. The fundamental mechanism
enabling this retrieval lies in measuring semantic consistency: by
mapping both audio and text into a shared embedding space, the
system can identify and localize audio segments that exhibit high
semantic alignment with the query [3, 4]. The task has attracted
increasing attention due to its potential applications in multime-
dia indexing, surveillance analysis, audio archive search, and con-
tent understanding [5]. Recent benchmark datasets such as Clotho-
Moment [1] and CASTELLA [2] have facilitated the development
and evaluation of AMR systems by providing temporally annotated
audio-language pairs.

Existing AMR approaches are largely inspired by video mo-
ment retrieval (VMR) [2, 6]. Early methods, such as Audio Moment
DEtection TRansformer (AM-DETR), adopt DETR-based architec-
tures to model temporal dependencies and cross-modal interactions
between audio and text [1]. More recently, Unified Video COMpre-
hension (UVCOM) framework has achieved strong retrieval perfor-
mance by introducing a unified video comprehension framework
that effectively models multimodal representations and temporal
grounding [7]. The success of these approaches highlights the im-
portance of robust cross-modal fusion mechanisms.
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In this work, we develop three UVCOM-based systems that en-
hance cross-modal fusion from different perspectives. System 1 in-
corporates frequency attention and an efficient discriminative feed-
forward network (EDFFN) to strengthen frequency-aware represen-
tation learning. System 2 investigates the effectiveness of frequency
attention alone. System 3 introduces multi-channel frequency de-
composition to capture complementary frequency information dur-
ing audio-text interaction. In addition, system 4 is an ensemble sys-
tem by combining the outputs of the three individual models. The
resulting four systems constitute our submissions to DCASE 2026
Task 6.

2. SUBMISSION SYSTEMS

2.1. System 1: EDFFN-based

System 1 extends the original UVCOM framework by redesigning
the cross-modal fusion module. A frequency attention mechanism
is introduced to explicitly model frequency-dependent correlations
between audio and textual representations, enabling the model to
emphasize acoustically informative frequency regions. Meanwhile,
an efficient discriminative feed-forward network (EDFFN) is em-
ployed in this operation to improve feature discrimination and rep-
resentation capacity after multi-modal interaction. The design aims
to achieve more accurate audio-text alignment and temporal local-
ization.

2.2. System 2: Frequency-based

System 2 focuses on evaluating the contribution of the frequency
attention mechanism independently. The original UVCOM cross-
modal fusion module is expended with only frequency attention.
By selectively enhancing frequency-aware interactions between au-
dio and text features, this system investigates whether frequency-
domain attention alone can improve retrieval performance without
introducing additional feed-forward enhancements.

2.3. System 3: Multi-Channel Frequency Decomposition-based

System 3 introduces a multi-channel frequency decomposition strat-
egy into the UVCOM framework. Audio features are decomposed
into multiple frequency channels, allowing the model to learn com-
plementary representations from different frequency bands. The
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Table 1: Performance comparison between our systems and the official baseline on the test set of CASTELLA dataset [2].

Method R1@50% R1@70% mAP-avg mAP@50% mAP@70%

Official baseline [2] 25.61 13.59 12.06 23.60 10.72
System 1 40.83 28.21 20.55 35.11 20.00
System 2 41.13 30.44 22.32 35.47 22.25
System 3 40.31 28.36 21.50 35.23 21.15
System 4 41.05 31.55 24.63 37.79 24.01

decomposed features are subsequently integrated within the cross-
modal fusion process, enabling finer-grained modeling of audio
events and improving the correspondence between audio content
and textual queries.

2.4. System 4: Ensemble System

System 4 is an ensemble model that combines the predictions of
Systems 1-3. Since the three individual systems capture comple-
mentary aspects of frequency-aware audio-text interactions, their
outputs are aggregated to obtain more robust retrieval results. The
ensemble strategy reduces the variance of individual models and
leverages their complementary strengths, leading to improved over-
all retrieval performance.

3. EXPERIMENTAL RESULTS

Following the open source experimental setting in DCASE 2026
Task 6 official website, we compare our systems with the official
baseline on the test set of CASTELLA dataset [2]. Results are
shown in Table 1.

Table 1 compares the proposed systems with the official base-
line on the CASTELLA test set. All proposed systems consistently
outperform the baseline across all evaluation metrics, demonstrat-
ing the effectiveness of frequency-aware cross-modal fusion for
audio moment retrieval. Among the three single systems, Sys-
tem 2 achieves the best performance, obtaining 41.13% R1@50%,
30.44% R1@70%, and 22.32% mAP-avg, which correspond to im-
provements of 15.52, 16.85, and 10.26 percentage points over the
official baseline, respectively. Furthermore, the ensemble model
(System 4) delivers the strongest overall results, achieving 31.55%
R1@70%, 24.63% mAP-avg, 37.79% mAP@50%, and 24.01%
mAP@70%. These findings indicate that frequency-aware mod-
eling effectively enhances audio-text alignment, while combining
multiple complementary systems further improves retrieval perfor-
mance and robustness.

4. CONCLUSION

In this technical report, we presented four systems for DCASE
2026 Task 6 Audio Moment Retrieval. Built upon the UVCOM
framework, the proposed systems enhance cross-modal fusion
through frequency-aware modeling. Experimental results on the
CASTELLA test set demonstrate that all proposed systems consis-
tently outperform the official baseline, showing improvement by the
use of frequency-domain information for audio-text alignment and
temporal localization.
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