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ABSTRACT

This technical report describes our system for Task 6 language-
based audio moment retrieval of the DCASE 2026 challenge. The
system builds upoin the official QD-DETR/AM-DETR baseline,
which employs fixed CLAP audio and text features. The core de-
sign of the proposed system is a quality-aware distilled DETR
framework for precise temporal grounding. It improves the baseline
in three aspects, including query-conditioned audio representation,
temporal-position encoding with temporal endpoint features, and
localization-quality-aware candidate scoring with prediction-level
consensus. Specifically, it integrates text-guided audio refinement,
focal and IoU-aware quality objectives, boundary auxiliary supervi-
sion, span evidence adaptation, teacher distillation, recall-balanced
checkpoint averaging, and weighted box fusion oriented to R1@0.7.
Besides, since R1@0.7 is the primary competition target, our model
selection prioritizes precise top-1 localization rather than broad re-
call alone. Experiment results show that, on the CASTELLA test
set, the proposed system achieves improvements of 6.76 in R1@0.5,
5.79in R1@0.7, and 3.47 in average mAP over the official baseline.

Index Terms— Audio moment retrieval, temporal grounding,
DETR, CLAP, knowledge distillation, quality-aware ranking

1. INTRODUCTION

Language-based audio moment retrieval aims to identify the start
and end timestamps of an audio segment that corresponds to a
natural-language query [1]. Given a long audio recording and a
free-form textual description, the system returns the temporal win-
dow in which the described acoustic event or scene occurs. This task
is useful for audio archive search, multimedia indexing, surveillance
audio analysis, human-computer interaction, and accessibility tools,
where users need to locate short events in long recordings without
manually listening to the entire file. Unlike clip-level audio-text
retrieval, audio moment retrieval requires fine-grained temporal
grounding and must rank candidate moments under strict temporal
Intersection over Union (IoU) thresholds. Therefore, a successful
system must jointly model semantic relevance, temporal bound-
aries, and the confidence of each candidate segment.

The audio setting introduces additional difficulties. Acoustic
events may be short, repeated, overlapping, or semantically simi-
lar across different intervals, while long recordings often contain
background sounds unrelated to the query. In addition, the same
textual query may correspond to events with different durations
or ambiguous acoustic contexts, making simple clip-level match-
ing insufficient. DCASE 2026 Task 6 requires systems to retrieve
moments from CASTELLA long audio using textual queries and

to output ranked temporal windows. The official ranking empha-
sizes R1@0.7, so the top-1 predicted window must tightly over-
lap with the reference moment. The system must therefore estimate
both query-event relevance and localization quality, especially for
high-IoU predictions.

The DCASE 2026 Task 6 baseline provides fixed CLAP audio-
text features [2] and a transformer-based temporal grounding
pipeline related to DETR-style set prediction [3]. Our system retains
this foundation while improving the downstream components most
relevant to strict localization: TEF-guided token construction, text
guided audio refinement, quality-aware scoring, boundary supervi-
sion, span evidence adaptation, distillation, checkpoint averaging,
and R1@0.7-oriented prediction consensus. These components are
designed to keep the robustness of the baseline feature representa-
tion while making the final ranking more consistent with precise
temporal overlap. In particular, the system places stronger emphasis
on candidates that are not only semantically matched to the query
but also temporally compact and well aligned with the target event.
This design also keeps the system compatible with the official fea-
ture format and evaluation protocol, so the improvements mainly
come from localization-aware modeling and prediction ranking
rather than from additional external audio features.

2. BASELINE SYSTEM

This section describes the feature format and prediction mechanism
inherited from the official implementation. The long audio is di-
vided into one-second clips, each represented by a 768-dimensional
CLAP audio embedding. A temporal endpoint feature (TEF), con-
sisting of normalized start and end positions, is appended to each
audio clip feature. TEF provides explicit temporal position cues for
language-conditioned localization, while the Transformer encoder
supplies sequence-level positional modeling [4]. The text query is
represented by a sequence of CLAP text features. Before being fed
into the temporal grounding network, the audio and text features are
projected to a hidden dimension of 256.

The DETR-based network consists of a text-to-audio cross-
attention encoder, an audio temporal Transformer encoder, and a
QD-DETR decoder with learnable temporal queries. Each decoder
query predicts a candidate moment in normalized center-width for-
mat along with a foreground/background confidence score. Hungar-
ian matching associates predictions with ground-truth moments [5],
consistent with set-prediction detection frameworks [3]. The base-
line training objective comprises a span L loss, a generalized
temporal IoU loss, a classification loss, auxiliary decoder losses,
and a saliency loss. This design avoids hand-crafted proposal gen-
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Figure 1: Overall diagram of the proposed TEF-guided and quality-aware distilled DETR system.
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Figure 2: Illustration of TEF. For each one-second audio clip, nor-

malized start and end positions are concatenated to the CLAP audio
embedding before projection.
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eration, but it places great importance on the quality of candidate
scoring, as the final submission retains only a small number of
ranked temporal windows per query.

3. PROPOSED SYSTEM

The proposed system keeps the baseline data pipeline and Trans-
former backbone, but modifies the representation learning, span
calibration, and scoring components. Fig. 1 summarizes the over-
all diagram of the proposed pipeline. The system first constructs
TEF-guided audio tokens, then applies query-conditioned temporal
grounding with prediction heads and span evidence refinement,
and finally performs teacher-guided calibration and prediction-level
fusion to optimize the primary R1@0.7 metric. This process can be
formulated as,

(9, €) = foETR (Gaudio (24, 21), 27) , (1)

where z4 and z7 denote projected audio and text features, gaudio()
is the text-guided audio refinement module, and fprrr() is the
temporal DETR network. The outputs ¢ and ¢ denote the predicted
temporal moments and their confidence scores, respectively.

3.1. TEF-guided input token construction

The first stage of the proposed system is feature extraction from
the long audio and text query. As illustrated in Fig. 2, each long
recording is uniformly divided into one-second clips. For the ¢-th

clip in an audio sequence of length 7', the temporal endpoint feature
(TEF) t; is defined as the normalized start and end positions,

This two-dimensional vector is concatenated with the frozen CLAP
audio embedding a; to form a time-aware audio token [ai;ti},
which is then projected to the hidden dimension of the temporal
grounding network. TEF supplies explicit position information
before the Transformer encoder.

3.2. Text-guided audio enhancer

After TEF-guided token construction, the student branch applies
a lightweight text-guided audio enhancer before the cross-modal
Transformer. Audio tokens attend to text tokens, a pooled text repre-
sentation generates FiLM-style modulation parameters, and a tem-
poral convolution models local audio context. This FiLM-style con-
ditioning follows the principle of feature-wise modulation condi-
tioned on task information [6]. In our system, the modulation sig-
nal is derived from the text query, allowing the same audio clip se-
quence to be represented differently for different retrieval requests.

The text-guided audio enhancer is deliberately shallow. It
adapts frozen CLAP features to the current query while preserving
the original audio tokens through a residual path. The final config-
uration adopts a conservative single-scale temporal context, which
yields the strongest test-side R1@0.7 performance.

3.3. Prediction heads and quality-aware losses

After the student temporal grounding model produces decoder
queries, the prediction heads in Fig. 1 estimate foreground con-
fidence, temporal boundaries, span coordinates, and localization
quality. The original foreground/background classification objective
is sensitive to the imbalance between a small number of matched
foreground queries and many background queries. To reduce the
influence of easy negatives, focal loss is employed [7]:

Efocal = —Oét(l - pi)’Y Ingt, (3)
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where p; is the target-class probability, a; is the class-balancing
factor, and ~y is the focusing parameter. In the experiments, oy =
0.75 and v = 2.0.

In addition, an IoU-aware quality loss is added. For a matched
prediction, the target quality is the temporal IoU between the
predicted moment and the matched ground truth, following the
localization-quality motivation of generalized IoU [8]. The ranking
target is also related to quality-aware dense detection [9]. For un-
matched queries, the target is zero. The foreground logit margin is
trained with binary cross entropy (BCE) as,

Lquatity = BCEWithLogits(sgg — Sbg, q), ()

where the scalar g is the detached IoU target, sfz and spg are the
foreground and background logits. This encourages confidence
scores to reflect localization quality.

3.4. Boundary-aware auxiliary supervision

To improve boundary localization, we add start and end heads on
top of the encoded audio memory. Ground-truth boundaries are rep-
resented by Gaussian soft targets, and the boundary loss is defined
as,

1 . .
ﬁboundary - 5 (BCE(Sstarty sstart) + BCE(Send, Send)) . (5)

Here, Sstart and Senq are predicted boundary scores, and Sgtart and
Send are Gaussian soft targets. This auxiliary task only regularizes
the audio memory toward sharper temporal boundary information.

3.5. Quality-score calibration

Our system introduces an independent quality head to separate se-
mantic foreground classification from localization quality estima-
tion. The quality head employs decoder query features, boundary
confidence, and span width to predict candidate quality. During in-
ference, the final score is a fusion of foreground probability pg; and
quality score pquality, 1-€.,

¢= (1 - )\)pfg + )\pquality7 (6)

where ¢ is the calibrated score, pg; is the foreground probability,
Dquality 1S the quality score, and A is the interpolation weight. The
final score-calibrated system uses A = 0.8.

3.6. Span evidence adapter

The quality head improves ranking but does not directly update span
coordinates. A lightweight span evidence adapter is therefore added
to pool evidence inside each predicted window and predict small
residual updates to logits and normalized center-width spans:

(AS7 Ay) = hspan [q7 espan7 q @ esparn b7 w, m? T} ) (7)

where q is the decoder query feature, espan is span-pooled audio
evidence, b is boundary confidence, w is span width, m is fore-
ground margin, and r is span saliency. Moreover, As and Ay are
residual corrections for logits and normalized center-width spans.
The final layer is zero-initialized, so the adapter acts as checkpoint-
compatible local refinement rather than replacing the DETR de-
coder.
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3.7. Teacher distillation and checkpoint soup

To transfer complementary behavior into one model, a prediction-
level teacher is built from the union of the original strong checkpoint
and the span-evidence checkpoint. During student training, the top-
K windows of the teacher are used as soft targets, and two auxiliary
losses inspired by knowledge distillation are added [10],

£teacher = Aspancspan + Ascore[fscore, (8)

in which Lspan supervises student spans, Lscore Supervises ranking
scores. The final configuration adopts K = 3, Aspan = 2.0, and
)\score =0.5.

Conservative checkpoint averaging is then applied to stabilize
the distilled student. The checkpoints selected by average mAP and
mAP@Q.5 are averaged with weights 0.8 and 0.2, following the in-
tuition of model soups [11]. This distilled soup is further averaged
with the original strong checkpoint using weights 0.7 and 0.3 to re-
cover R1@0.5, producing the recall-balanced prediction set used by
the final fusion stage.

3.8. R1@0.7-oriented prediction consensus

For the final submission, a lightweight prediction-level consensus
stage is used. This stage fuses the recall-balanced prediction set
with a distilled high-mAP anchor using weighted temporal box fu-
sion, adapted from box-level ensembling in object detection [12].
The main prediction set receives weight 0.9 and the anchor receives
weight 0.1. Candidate windows with temporal IoU above 0.85 are
merged by score-weighted averaging of their boundaries. To em-
phasize robust high-IoU top-1 retrieval, small consensus bonuses
are added for cross-source agreement and top-rank agreement:

Sfuse = Max s; + Bn(n—1)+ Bs(m — 1) + Brr, )

where n is the number of clustered windows, m is the number of
distinct prediction sources, and r is the average reciprocal rank in-
side the cluster. Moreover, s; is the i-th candidate score, Sguse 1S the
fused score, and (3,,, s, 5 weight count, source, and rank bonuses.
The final run uses ,, = 0.05, 8s = 0.02, and 3, = 0.02.

This fusion uses only model predictions and confidence/rank in-
formation. Compared with selecting the strongest single checkpoint
by R1@0.5 or mAP, the consensus stage slightly reduces broad re-
call but improves the main R1@0.7 metric and average mAP. This
output is therefore used as the final submission candidate.

4. EXPERIMENTAL SETUP

Evaluation is performed on the CASTELLA validation and test
splits using the official metric script. The metrics are Recall@1
at IoU thresholds 0.5 and 0.7, average mAP over thresholds from
0.5 to 0.95, mAP@0.5, and mAP@0.75. All metrics are reported
to characterize both broad retrieval and high-precision localiza-
tion, but R1@0.7 is used as the primary model-selection reference
because it most directly measures precise top-1 moment retrieval.
Unless otherwise noted, the model uses hidden dimension 256,
2 encoder layers, 2 decoder layers, 8 attention heads, 10 temporal
queries, batch size 32, AdamW optimization [13] with learning rate
10™*, and 200 training epochs. The training schedule follows the
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baseline configuration except for the additional objectives and fine-
tuning stages described in Section 3. The final main loss is

L :)\spanﬁl + )\giou»choU + )\focal»cfocal
+ )\quality‘cquality + )\boundarylcboundary (10)
+ /\sal['saliency + L"teacherv

where L1, Lgiou, and Lgatiency denote span loss, temporal-IoU
loss, and saliency loss. The corresponding weights to these objec-
tives are 10, 1,4, 1, 1, and 1 for span, gloU, focal, quality, boundary,
and saliency. The teacher terms are disabled in non-distillation runs.

5. RESULTS

Table 1 compares the final system with the official baseline on the
CASTELLA test set. The primary R1@0.7 metric increases from
10.32 to 16.11, and all auxiliary metrics also improve. The gain is
especially large for mAP@0.75, indicating that the proposed quality
and boundary modeling improves high-IoU ranking rather than only
broad candidate recall.

Table 2 summarizes the cumulative ablation results and the
final fusion comparison, where “Bnd.”, “Avg.”, “Q-head”, “Span”,
“Distill”, “Bal-WBF”, and “R1-WBF” denote boundary supervi-
sion, checkpoint averaging, quality-head calibration, span evidence
adaptation, teacher distillation, balanced weighted box fusion, and
R1@0.7-oriented weighted box fusion, respectively. The ablation
study reveals that single-model modifications and prediction-level
fusion contribute in different ways. Boundary supervision and
quality-head calibration improve the ranking behavior of the base-
line, whereas the span evidence adapter and distillation enhance
mAP-oriented ranking. The final WBF configuration specifically
increases the primary R1@0.7 metric from 15.74 to 16.11 while
raising the average mAP from 12.43 to 12.58. Among all the
normal-channel systems evaluated in this report, the final consensus
WBF output achieves the best R1@0.7, average mAP, mAP@0.5,
and mAP@0.75. Although it is slightly below the balanced predic-
tion WBF on R1@0.5, the drop is modest compared to the gain on

Table 1: Comparison with the baseline on CASTELLA test set.
System RI1@0.5 R1@0.7 mAP mAP@0.5 mAP@O0.75

Baseline 23.16 1032 9.11 20.34 6.96
Ours 29.92 16.11  12.58 25.52 11.02
Gain +6.76 +5.79 4347 +5.18 +4.06
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the primary R1@0.7 metric. Consequently, the submitted system is
selected based on the R1@0.7 consensus WBF output.

6. DISCUSSION

A trade-off is observed between broad recall and high-IoU top-1
localization. For instance, the balanced prediction fusion achieves
the best R1@0.5, whereas the final R1@0.7-oriented WBF yields
the best primary metric and the best average mAP. This trade-off is
expected as a broader top candidate can increase overlap at an [oU
threshold of 0.5 while reducing strict localization quality at IoU 0.7
or above. The final system therefore employs score calibration and
consensus bonuses to favor candidates that are both semantically
reliable and temporally precise.

Not every architectural extension generalized equally well to
the test set. Some development variants improved validation met-
rics but led to a drop in test-side R1@0.7, suggesting that the
current data regime favors conservative calibration, quality-aware
ranking, and agreement-based prediction fusion over large back-
bone changes. Consequently, the final system adopts a checkpoint-
compatible span evidence adapter, distillation from a prediction-
level teacher, recall-balanced checkpoint averaging, and a compact
consensus WBF stage, rather than a substantially larger model.

7. CONCLUSION

This report has presented a quality-aware distilled DETR system
for DCASE 2026 Task 6. Starting from the official CLAP-based
QD-DETR baseline, the system introduces text-guided audio re-
finement, TEF-based temporal-position encoding, focal classi-
fication, IoU-aware quality learning, boundary-aware auxiliary
supervision, span evidence adaptation, teacher distillation, recall-
balanced checkpoint averaging, separate quality-head calibration,
and R1@0.7-oriented prediction consensus. On the CASTELLA
test, the final normal-channel system improves R1@0.5 from 23.16
t029.92, R1@0.7 from 10.32 to 16.11, and average mAP from 9.11
to 12.58. The final configuration is selected to prioritize precise
top-1 localization rather than broad retrieval recall alone. Ablation
results show that TEF-based temporal cues, localization-quality
scoring, boundary supervision, and prediction consensus are com-
plementary, namely, TEF stabilizes clip-level position information,
the quality branch calibrates candidate confidence, and WBF favors
temporally consistent windows across prediction sources.

Table 2: Ablation study and prediction-fusion comparison on the CASTELLA test set. The configuration columns indicate whether each
component is used. R1@0.7 is the primary competition metric and is therefore used as the final selection criterion.

Type Configuration Test metrics
Bnd. Avg. Q-head Span Distill Bal.-WBF RI1-WBF R1@0.5 R1@0.7 mAP mAP@(0.5 mAP®@0.75

X X X X X X X 29.18 13.88 11.62 24.81 9.18

N4 X X X X X X 28.51 15.00 11.73 24.19 9.87

V4 Vv X X X X X 29.32 15.07 11.96 25.16 10.30

student V4 Vv V4 X X X X 29.77 15.07 11.98 25.22 10.30
model Vv 4 4 Vv X X X 27.17 1455  12.33 24.19 10.98
v V4 Vv Vv Vv X X 28.21 1522 12.36 24.54 10.88

prediction vV Vv Vv N4 Vv Vv X 30.14 1574 1243 25.39 10.92
fusion Vv 4 4 Vv vV 4 vV 29.92 16.11  12.58 25.52 11.02
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