Detection and Classification of Acoustic Scenes and Events 2026

Challenge

TRAINING-FREE AUDIO MOMENT RETRIEVAL VIA
BACKGROUND-CONTRASTIVE GAUSSIAN MIXTURE LOCALIZATION

Technical Report

Meghan Kret

The Cooper Union, New York, USA  meghan kret@gmail.com

ABSTRACT

This report describes two submitted systems for DCASE 2026
Challenge Task 6 (Audio Moment Retrieval from Long Audio [1]).
Both systems use no supervised temporal training and no labeled
data. System 1 combines background contrast normalization with
per-query two-component Gaussian mixture model (GMM) [2]
inference over frozen MS-CLAP 2023 [3], [4] similarity traces.
System 2 is an ablation without the contrast step. On the
CASTELLA [5] development-test set, System 1 achieves 10.03%
mAP and 13.51% R1@0.7 — surpassing the single-dataset super-
vised DETR [6], [7] baseline (9.11%, 10.32%) [8] using iden-
tical frozen features. On Clotho-Moment [8], System 1 achieves
44.28% mAP against the supervised baseline’s 6.32%, a 37.96 pp
cross-domain gap explained by the supervised decoder’s domain-
specific prior mismatch.

Index Terms—Audio moment retrieval, GMM, background contrast,
no supervised training, DCASE 2026.

I. SYSTEM OVERVIEW

Audio moment retrieval (AMR) asks for the temporal segment
of a long recording that matches a free-form text query [8]. The
DCASE 2026 Task 6 baseline [1] uses a QD-DETR [7] decoder
trained on CASTELLA [5] temporal boundary annotations, with
frozen MS-CLAP 2023 [3] features as input. Our systems replace
this supervised decoder with per-query probabilistic inference,
using no labeled data.

Both systems share the same core pipeline: CLAP feature
projection, (optional) background contrast normalization, GMM
fitting by EM [2], and moment extraction from the posterior. Fig. 1
shows the two systems side by side.

II. METHOD
II-A. CLAP Similarity Trace

MS-CLAP 2023 [3], [4] is a contrastive audio-language model
trained on matched audio-caption pairs, using an HTS-AT [9]
audio encoder. For a text query ¢ and recording of duration
T seconds, the pre-extracted 768-dim audio window features
(1s windows, 1s hop) [1] are projected through the CLAP [3]
projection head to 1024-dim L2-normalized embeddings {a. }. The
query text embedding § is similarly projected. Raw per-window
cosine similarity:
t=1,...,T. (€))
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This produces a time-varying similarity trace: frames where the
audio matches the query score high; background frames score low.

II-B. Background Contrast Normalization (System 1)

Inspired by contrastive decoding in language generation [10],
we subtract a neutral background similarity from the raw trace.
A fixed neutral embedding 7 is the L2-normalized mean of
“background sound”, “ambient noise”, and “background audio”
— three phrases that are closely clustered in CLAP space (pairwise
cosine similarity > 0.88). The contrast score:

ce =8¢ — (R-ae) = (4 —N) - a 2

removes the component of each window’s similarity explained
by generic background-ness, increasing the separation between
relevant and background score populations. On CASTELLA [5]
and Clotho-Moment [8], this increases the GMM mean separation
A = |pirel — tvg| on 66% of queries (mean A: 0.049 — 0.055).
System 2 skips this step and uses s; directly.

II-C. Per-Query GMM Inference

The trace (contrast for System 1, raw for System 2) is smoothed
with a Gaussian kernel (o = 1.5 frames, SciPy [11]) and modeled
as a two-component Gaussian mixture model (GMM) [2]:

P(ee | 0) = ma N (Gt | pret, o) + Tog N (G | pive, o). (3)

The parameters 6 are estimated by EM [2] (scikit-learn [12])
with 5 random initializations; the maximum-likelihood solution
is retained to reduce sensitivity to local optima. The component
with higher mean p is labeled relevant. The per-frame posterior:

7'rrel-/\/‘(ét ‘ Urel,o'ril)
p(& | 0)
gives a soft relevance probability for each second, calibrated to the

current trace’s score distribution. No parameters are shared across
queries or datasets.

“
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II-D. Moment Extraction

Contiguous frames where ~; > 0.45 are collected as candidate
segments, each scored by 7, ., +0.3-maxa<¢<p ;. A peak-centered
fallback handles flat traces. The top prediction is submitted.

II-E. Why No Supervised Training Is Needed

CLAP [3], [4] is trained with clip-level contrastive objectives
on audio-caption pairs. Despite no explicit temporal supervision,
the sliding-window similarity trace encodes useful temporal struc-
ture [13]: frames that match the query consistently score higher
than background frames. The GMM exploits this structure by
fitting the score distribution of each individual test trace. The
DETR baseline [8], [7], [6] additionally trains a temporal decoder
on CASTELLA [5] boundary annotations to learn event duration
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Fig. 1. Supervised DETR baseline (left) vs. proposed GMM systems (right). Both use identical frozen MS-CLAP 2023 [3] features. System 1 adds
background contrast normalization (purple) before GMM fitting. System 2 uses the raw similarity trace.
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Fig. 2. Example from CASTELLA [5] (query: “Men laugh™). Top: contrast
trace with ground truth (green) and prediction (orange, IoU= 0.88).
Bottom: fitted 2-component GMM [2]. The relevant component has higher
mean and lower weight (0.19), consistent with a brief event in a long
recording.

priors and boundary placement conventions. This helps in-domain
but hurts cross-domain when those priors are miscalibrated for a
new dataset.
III. SUBMITTED SYSTEMS
IV. DEVELOPMENT SET RESULTS

On CASTELLA [5], System 1 surpasses the DETR baseline
trained on CASTELLA only [1] at R1@0.7 (13.51% vs 10.32%)

TABLE I
SUBMITTED SYSTEMS.

Label System Description

task6_1 GMM + contrast With background subtraction
task6_2 GMM simple Without background subtraction

TABLE 11
RESULTS ON CASTELLA [5] AND CLOTHO-MOMENT [8]
DEVELOPMENT-TEST SETS (%). PRIMARY METRIC IS R1@0.7 (BOLD).
METRICS FOLLOW THE MOMENT RETRIEVAL CONVENTION [14].
DETR BASELINE RESULTS FROM [1].

System Test R1@.5 R1@.7 mAP @5 @.75

DETR (CAS) [1] CAS 2316 1032 9.11 20.34 6.96
DETR (CAS+CM) [1] CAS 25.61 13.59 12.06 23.60 10.72
Sys. 2 GMM simple CAS 17.67 11.88 9.20 1599 8.74
Sys. 1 GMM+contrast CAS 18.49 13.51 10.03 16.70 9.80

DETR (CAS) [1] CM 1154 378 632 1581 4.60
Sys. 2 GMM simple CM 5544 44.19 40.88 59.80 43.32
Sys. 1 GMM+contrast CM ~ 58.52 47.84 44.28 62.80 46.90

and mAP (10.03% vs 9.11%), while trailing at R1@0.5 where the
baseline’s learned coarse-location priors help. The multi-dataset
DETR variant leads overall.

On Clotho-Moment [8], System 1 reaches 44.28% mAP against
the baseline’s 6.32% (437.96 pp). Both systems use no labels; the
gap 1is attributable entirely to the DETR decoder’s CASTELLA-
calibrated priors being miscalibrated for Clotho-Moment’s pro-
grammatic boundaries and Walking Tours backgrounds.

Table III provides mechanistic evidence. If the cross-domain gap
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Fig. 3. Development-test results on CASTELLA [5] (left) and Clotho-
Moment [8] (right). System 1 (dark outline) is competitive with single-
dataset DETR [1] on CASTELLA and dominant cross-domain.

TABLE III
MEAN 10U BY SIGNAL QUALITY (A) ON CLOTHO-MOMENT [8].
ADVANTAGE GROWS WITH SIGNAL QUALITY — CONFIRMING PRIOR
MISMATCH AS DETR’S CROSS-DOMAIN FAILURE CAUSE.

A range n  Sys.1 DETR [1] Adv.

Low (A < 0.030) 1556 0.183 0.146 +0.037
Mid (0.030-0.070) 3338 0.491 0.183 +0.308
High (A > 0.070) 1755 0.768 0.256 +0.512

were due to weak signal in Clotho-Moment, the GMM advantage
should shrink as signal quality improves. Instead it grows: at high
A (clean CLAP trace), DETR achieves 0.256 mean IoU against
System 1’s 0.768. This confirms prior mismatch [5], not signal
weakness, as the cause.

V. HYPERPARAMETERS
VI. EXTERNAL RESOURCES

Both systems use only the organizer-provided MS-CLAP
2023 [3], [4] audio-text features. No additional external datasets,
pre-trained models, or labeled data were used.

VII. CONCLUSION

Two no-supervised-training systems are submitted for DCASE
2026 Task 6 [1]. System 1 (GMM + background contrast) is
competitive with the single-dataset supervised baseline [8] at
R1@0.7 on CASTELLA [5] and dominates cross-domain on
Clotho-Moment [8] (437.96 pp mAP). System 2 (GMM simple) is
an ablation confirming the contribution of contrast normalization.
Both systems confirm that frozen MS-CLAP 2023 [3], [4] traces
already encode substantial temporal signal [13], and that per-query
GMM inference [2] can exploit it without any labeled training data
from CASTELLA [5] or Clotho-Moment [8].
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