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ABSTRACT
This technical report describes our submission to Task 6 of the
DCASE 2026 Challenge, which addresses audio moment retrieval
from long audio recordings. The goal of the task is to localize
the temporal segment, or segments, that match a natural-language
query in an untrimmed audio recording. Our main approach follows
a coarse-to-fine retrieval strategy based on UVCOM-style tempo-
ral localization models and window-level audio embeddings. First,
a coarse model processes the full audio recording and produces a
ranked set of candidate moments. Then, a second refinement model
operates on local crops around the most promising candidates us-
ing higher-resolution audio features, improving the temporal pre-
cision of the predicted boundaries. Finally, a lightweight candi-
date reranker combines temporal, confidence, audio-text similarity,
and boundary-context features to select and rank the final predic-
tions. We also apply submission-oriented postprocessing, includ-
ing timestamp rounding, duration clamping, duplicate removal, and
boundary clipping. Our best single system achieves an R1@0.7 of
40.01, while our ensemble system achieves an R1@0.7 of 42.09.
These results show that combining global proposal generation, lo-
cal high-resolution refinement, and candidate-level reranking is an
effective strategy for language-based audio moment retrieval in long
recordings.

Index Terms— Audio moment retrieval, language-based audio
retrieval, text-to-audio retrieval, long audio understanding, tempo-
ral localization, cross-modal retrieval, coarse-to-fine localization,
DETR-based retrieval

1. INTRODUCTION

Language-based audio retrieval aims to search audio content using
free-form natural-language queries. While clip-level audio-text re-
trieval determines whether a recording is relevant, many applica-
tions require finer temporal localization: the system must identify
when the queried event occurs within a long, untrimmed signal.
This is useful for locating highlights in broadcasts, finding events
in surveillance recordings, or navigating multimedia archives.

Audio moment retrieval (AMR) addresses this setting by taking
a long recording and a natural-language query as input and return-
ing one or more temporal windows matching the described sound
event or scene. Unlike sound event detection, AMR is not limited
to a predefined taxonomy; it requires open-vocabulary matching be-
tween complex textual descriptions and localized acoustic content.

The system must therefore jointly model audio-text semantic align-
ment and temporal structure over long sequences.

DCASE 2026 Challenge Task 6 focuses on AMR from long
audio recordings and is closely related to Clotho-Moment [1] and
CASTELLA [2]. Clotho-Moment introduced a simulated AMR
framework and showed the advantage of DETR-style [3] temporal
localization over sliding-window clip retrieval, while CASTELLA
extends the task to real-world one-to-five-minute recordings with
human-annotated captions and boundaries. These benchmarks
highlight key difficulties: target moments can be short, repeated,
overlapping, or embedded in complex backgrounds. Pretrained
text-to-audio encoders provide useful semantic representations, but
they are typically trained for complete clip-caption matching rather
than accurate boundary prediction, so they must be adapted to a
temporal localization framework.

Our submission uses a coarse-to-fine strategy. A global
UVCOM-style [4] model first identifies promising temporal regions
in the full recording. A second UVCOM-style refinement model
then operates on local high-resolution crops around the top candi-
dates to improve boundary precision. Finally, a lightweight can-
didate reranker scores the refined candidates using temporal, con-
fidence, audio-text similarity, and boundary-context features. We
submit three single systems and one ensemble system based on this
pipeline.

2. SYSTEM OVERVIEW

The submitted systems formulate audio moment retrieval as open-
vocabulary temporal localization in long audio. Given an audio
recording represented by a sequence of window-level audio embed-
dings and a natural-language query represented by a text embed-
ding, the system predicts a ranked set of temporal windows. Each
prediction is a segment

pi = [si, ei], (1)

with an associated confidence score ci. The reference annotation is
denoted as

g = [sg, eg], (2)

where sg and eg are the start and end times of the target moment.
The main pipeline is trained and applied in stages. A coarse

UVCOM model first performs global localization over the full audio
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recording. A Fine-UVCOM model then refines the most promis-
ing coarse candidates using local high-resolution crops. A candi-
date reranker finally scores the refined candidates using candidate-
level temporal, semantic, confidence, and boundary-context fea-
tures. The final predictions are postprocessed before submission.
The complete system is therefore not trained end-to-end; instead,
each stage is optimized after the previous stage has generated the
inputs required for the next one.

2.1. Temporal overlap

Temporal overlap between a prediction p = [sp, ep] and a reference
segment g = [sg, eg] is measured with temporal intersection over
union. When span regression is performed in center-width coordi-
nates, each segment is represented by its midpoint and its duration,
computed from the corresponding start and end times. The localiza-
tion losses can be applied either in start-end coordinates or in nor-
malized center-width coordinates, depending on the corresponding
UVCOM implementation.

2.2. Coarse UVCOM localization

The first stage performs global retrieval over the full audio record-
ing. Given a coarse audio feature sequence Acoarse and a query
representation zq , the coarse UVCOM [4] model predicts a fixed-
size set of candidate moments:

P = {(pi, ci)}Ni=1. (3)

The model follows a DETR-style set prediction formulation. In-
stead of scoring all possible start-end pairs, it uses a fixed set of
proposal slots and predicts temporal spans and confidence scores.

Training uses bipartite matching between predicted proposals
and ground-truth moments. Let G denote the set of reference mo-
ments for the query. The optimal assignment is obtained by mini-
mizing a matching cost:

σ∗ = argmin
σ

∑
i

Cmatch

(
pi, gσ(i)

)
. (4)

The matching cost combines classification, span regression, and
generalized temporal IoU terms:

Cmatch(pi, g) = λclsCcls(ci) + λℓ1∥pi − g∥1 + λgiouCgiou(pi, g),
(5)

where the generalized temporal IoU cost is

Cgiou(pi, g) = 1−GIoU(pi, g). (6)

After matching, the coarse model is optimized with the same
three components:

Lcoarse = λclsLcls + λℓ1Lℓ1 + λgiouLgiou. (7)

The classification term is a cross-entropy loss over foreground and
background proposal labels:

Lcls = CE(ci, yi), (8)

where matched predictions are assigned foreground labels and un-
matched predictions are assigned background labels. The span re-
gression term penalizes start and end boundary errors using

Lℓ1 = ∥pi − g∥1. (9)

The generalized temporal IoU loss penalizes poor temporal overlap
and poor interval placement:

Lgiou = 1−GIoU(pi, g). (10)

For temporal intervals, generalized IoU is defined as

GIoU(p, g) =
|I|
|U | −

|C| − |U |
|C| , (11)

where C is the smallest enclosing interval containing both p and g,
and U is their union. The enclosing interval length is

|C| = max(ep, eg)−min(sp, sg), (12)

and the union length is

|U | = (ep − sp) + (eg − sg)− |I|, (13)

where

|I| = max (0,min(ep, eg)−max(sp, sg)) . (14)

This term penalizes low overlap and also accounts for the distance
between non-overlapping or weakly overlapping predictions.

At inference, the coarse model produces a ranked set of candi-
date windows. The top K candidates are retained and passed to the
local refinement stage.

2.3. Fine-UVCOM local refinement

The second stage improves the temporal precision of the coarse can-
didates. While the coarse model operates over the full recording, the
Fine-UVCOM model operates over local crops centered around the
coarse predictions. This allows the refinement model to use higher-
resolution audio features and to focus its capacity on boundary cor-
rection.

For each coarse candidate r = [sr, er], a local crop is defined
by adding temporal context:

tstart = max(0, sr − δ), tend = min(D, er + δ), (15)

where D is the audio duration and δ is the context size. In the
submitted systems, δ = 5 seconds. The ground-truth span is trans-
formed into the crop-local time axis by expressing its start and end
times relative to the crop start. Fine-UVCOM then predicts a span
in this local time axis, and the predicted boundaries are mapped
back to global recording time by adding the crop start time.

The Fine-UVCOM refiner uses the same UVCOM detection
loss as the coarse model, but applies it in local crop coordinates.
For crops selected as span positives, the localization objective is

L+
UVCOM = λclsLlocal

cls + λℓ1∥p
local − glocal∥1 + λgiouLlocal

giou .
(16)

For top-K refinement, each coarse proposal defines a local
crop. We denote the temporal span of the k-th proposal, and there-
fore the k-th crop candidate, as ck. Crops are annotated according
to their overlap with the ground-truth moment. The refiner also
predicts a candidate-level confidence score sk, supervised by the
proposal IoU:

Lcand = BCE (sk, IoU(ck, g)) . (17)

Crops with no overlap, or proposal IoU below a small threshold,
receive background supervision:

Lneg−bg = CE(ci,background). (18)
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Figure 1: Overview of the proposed audio moment retrieval pipeline.

Finally, candidates belonging to the same original query are
trained with a top-K selection loss:

Ltopk = CE
(
[s1, . . . , sK ], argmax

k
IoU(ck, g)

)
. (19)

The complete fine-stage objective is

Lfine = L+
UVCOM + λcandLcand + λnegLneg−bg + λtopkLtopk.

(20)
The most effective refinement setup is trained on target-domain lo-
cal crops so that the refinement distribution matches the evaluation
domain.

2.4. Candidate reranking

After local refinement, each query is associated with a list of top-K
refined candidates:

C = {p1, . . . , pK}. (21)

The detector confidence is useful but does not always rank candi-
dates according to their temporal overlap with the reference. A sep-
arate reranker is therefore trained to select the best candidate from
the refined list.

For each candidate, the target quality is defined by its tempo-
ral IoU with the ground truth, ui = IoU(pi, g), and the oracle-best
candidate is i∗ = argmaxi ui. The reranker maps a candidate fea-
ture vector xi to a scalar score ri = fθ(xi). The feature vector con-
tains candidate temporal descriptors, localization confidence scores,
pooled audio features within and around the candidate, audio-text
similarity evidence, and boundary-context information.

The reranker is trained with soft labels derived from candidate
IoUs:

yi =
exp(ui/τ)∑K
j=1 exp(uj/τ)

, (22)

where τ is the soft-label temperature. The corresponding loss is

Lsoft = −
K∑
i=1

yi log
exp(ri)∑K
j=1 exp(rj)

. (23)

The reranker also includes a pairwise ranking term. For pairs
whose IoU values differ by at least miou, the score of the better
candidate is encouraged to exceed the score of the worse candidate:

Lpair =

K∑
i=1

K∑
j=1

1 [ui > uj +miou]max (0,−(ri − rj)) . (24)

This formulation prevents candidates with similar IoU values from
being treated as equally incorrect. The final reranker loss is

Lreranker = Lsoft + λpairLpair, (25)

2.5. Inference-time score blending

During inference, the reranker score can be combined with the de-
tector score to improve calibration. Let di denote the Fine-UVCOM
score for candidate pi. The final score is computed additively:

scorefinali = ri + αdi. (26)

This operation is used only at inference time and is not part of the
training objective.
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Table 1: Results for the submitted EAT, BEATs, and EAT+BEATs systems at each stage of the pipeline evaluated on CASTELLA test.

Stage Model Recall1@0.5 Recall1@0.7 mAP (avg) mAP@0.5 mAP@0.75

EAT 42.95 28.64 22.68 39.64 21.34
Coarse BEATs 47.22 31.33 23.92 41.56 22.56

EAT+BEATs 46.40 31.55 23.91 42.19 22.20

EAT 47.29 34.45 25.33 41.61 24.86
Fine BEATs 46.18 33.26 24.06 40.34 23.81

EAT+BEATs 47.51 35.04 25.39 41.93 24.74

EAT 56.12 40.01 30.17 47.16 30.39
Reranker BEATs 53.30 36.82 28.00 45.96 27.41

EAT+BEATs 54.27 37.56 29.66 47.42 29.53

Ensemble Ensemble 59.39 42.09 33.64 48.73 34.03

2.6. Stage-wise optimization

The complete pipeline is optimized sequentially. First, the coarse
UVCOM model is trained on full-recording features with Lcoarse.
The trained coarse model is then frozen and used to generate top-K
candidate windows. These windows define local crops for training
Fine-UVCOM with Lfine,total. After refinement training, both lo-
calization models are frozen and used to generate refined candidate
lists. The reranker is finally trained on these lists using Lreranker.
Finally we adjust the value α to maximize R1@0.7.

At inference time, the same ordering is followed: coarse global
localization, local refinement, candidate reranking, score blending,
and final postprocessing. The ensemble submission combines the
outputs of the submitted single systems at inference time to im-
prove robustness, without changing the training objectives of the
individual systems.

3. EXPERIMENTAL SETUP

Audio-text pretraining used Clotho [5], TACOS weak [6], Audio-
Caps [7], and WavCaps [8] to train EAT–RoBERTa [9, 10] and
BEATs–RoBERTa [11, 10] models. We followed the curriculum in
[12] and added the cross-encoder estimated-correspondence stage
from [13], using an auxiliary PaSST–RoBERTa model [14, 10].
Audio was split into non-overlapping 10-second segments, inde-
pendently embedded, mean-pooled, and trained with a bidirectional
contrastive objective for 20 epochs, with batch sizes 24 (EAT) and
20 (BEATs), temperature 0.05, AdamW weight decay 10−4, one
warmup epoch, and a cosine schedule from 2×10−5 to 10−7. These
CASTELLA-unadapted embeddings were used for all coarse-stage
models. The encoders were then fine-tuned for the fine stage with
temporal supervision from TACOS strong and CASTELLA. Au-
dio was represented with 2-second windows and a 0.5-second hop;
embeddings overlapping each annotated moment were pooled and
aligned with the query using the TACOS moment-level contrastive
loss [6]. Fine-UVCOM receives both representations by concate-
nating the CASTELLA-unadapted embeddings with the temporally
fine-tuned embeddings.

For coarse localization, UVCOM was trained on full recordings
from TACOS strong, Clotho-Moments, and CASTELLA using 2-
second windows with a 1-second hop. We trained EAT, BEATs,
and EAT+BEATs models with 10 proposal slots and retained the
top K = 10 candidates for refinement. All coarse models used the
classification, L1, and temporal GIoU losses from Section 2, with

training and Hungarian matching weights λcls = 4, λℓ1 = 10,
and λgiou = 1. We used AdamW with learning rate 10−4, weight
decay 10−4, batch size 128 for EAT and BEATs, batch size 96 for
EAT+BEATs, and trained for 300 epochs.

Fine-UVCOM was trained only on CASTELLA crops gener-
ated from coarse candidates. Each crop added 5 seconds of context
on both sides of the coarse prediction and was clipped to the audio
duration. The refiner used 2-second windows with a 0.5-second hop
and concatenated non-fine-tuned and fine-tuned encoder features;
for EAT+BEATs this concatenates pretrained and fine-tuned EAT
and BEATs features. Training used crop-local coordinates, the same
localization weights as the coarse model, and span-positive supervi-
sion from the best-IoU crop among the top-K crops for each query.
Crops with no ground-truth overlap or proposal IoU ≤ θneg = 0.05
were supervised as background. The auxiliary loss weights were
λcand = λneg = λtopk = 1, and the remaining training configura-
tion matched coarse localization.

The candidate reranker was trained using the top K = 10 re-
fined candidates for each query. Each candidate was represented
with temporal features, detector confidence features, audio-text
similarity features, and context/boundary features. The temporal
features included start time, end time, duration, log-duration, nor-
malized position, center time, and width. The detector features in-
cluded coarse and Fine-UVCOM scores. The audio-text features
included pooled audio embeddings inside the candidate, the query
embedding, and cosine similarities between them. Context and
boundary features were computed by pooling audio embeddings
in the left context, right context, start-boundary region, and end-
boundary region.

The reranker was implemented as an MLP with LayerNorm on
the input, GELU activations, dropout, and a final linear layer pro-
ducing a scalar candidate score. All rerankers used dropout rate
0.1, batch size 1 query group with up to 10 candidates per group,
AdamW optimization, learning rate 1 × 10−3, and weight decay
1 × 10−4. The EAT and EAT+BEATs rerankers used MLP shape
[30, 128, 128, 1], while the BEATs reranker used MLP shape [30,
64, 64, 1]. The EAT and BEATs rerankers were trained for 120
epochs, and the EAT+BEATs reranker was trained for 80 epochs.
The training objective used the soft IoU-label ranking loss com-
bined with the pairwise ranking loss. The soft-label temperature
was τ = 0.10 for EAT and τ = 0.05 for BEATs and EAT+BEATs.
For EAT and EAT+BEATs, the pairwise loss weight was λpair =
1.0 and the IoU margin was miou = 0.05; for BEATs, λpair = 1.5
and miou = 0.07.
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At inference time, each single system generated 10 coarse can-
didates, refined them with Fine-UVCOM, reranked the refined can-
didates, and applied final postprocessing. When used, score blend-
ing added the Fine-UVCOM detector score to the reranker score
with α = 0.40 for EAT, α = 0.30 for BEATs, and α = 0.50 for
EAT+BEATs.

An ensemble model was created by merging the candidate lists
produced by the three single systems. Specifically, we took the
top 10 candidates from EAT, BEATs, and EAT+BEATs, yielding
at most Kens = 30 candidates per query. Within each source sys-
tem, raw candidate scores were normalized with a z-score transfor-
mation and passed through a sigmoid before merging. Exact du-
plicate windows were removed using identical rounded start–end
keys. A separate learned MLP reranker was then trained to score
the merged top-30 candidate set, using MLP shape [57, 128, 128, 1]
with LayerNorm on the 57-dimensional input, GELU activations,
and dropout rate 0.1 after each hidden layer. The ensemble reranker
used AdamW optimization with learning rate 1× 10−3 and weight
decay 1 × 10−4, τ = 0.05, λpair = 1.5, and miou = 0.05. The
ensemble final score was an additive blend of the ensemble reranker
score and proposal score with α = 0.10.

The final predictions were rounded to the nearest second, con-
strained to a minimum duration of one second, deduplicated, and
clipped to the audio duration.

4. RESULTS

Table 1 reports the performance of the submitted systems on the
CASTELLA test set. The coarse UVCOM stage provides the ini-
tial localization results, with BEATs and EAT+BEATs obtaining the
strongest coarse R1@0.7 values. Fine-UVCOM improves tempo-
ral localization for all systems, reaching an R1@0.7 of 35.04 with
EAT+BEATs. The reranker further improves all systems, with the
EAT reranker achieving the best single-system result, R1@0.7 of
40.01 and mAP@0.75 of 30.39. The ensemble provides the best
overall performance, reaching R1@0.7 of 42.09, mAP of 33.64, and
mAP@0.75 of 34.03.

5. CONCLUSIONS

This technical report described a stage-wise audio moment retrieval
pipeline that combines global proposal generation, local boundary
refinement, and candidate-level ranking. The approach separates
long-recording search from high-resolution temporal adjustment,
allowing each component to focus on a different part of the lo-
calization problem. The submitted systems demonstrate that this
coarse-to-fine design is effective for CASTELLA, with the ensem-
ble of EAT, BEATs, and EAT+BEATs providing the strongest final
submission.
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