
Query-based universal sound separation (USS) isolates a target source from a 
mixture given a prompt. Yet models still suffer from residual interference —
background leaks into the output.

Root cause is the data, not the architecture:

• In-the-wild data (AudioSet, VGGSound) have weak labels and severe event co-
occurrence.

• Models learn spurious correlations (“rain” ⇒ always wind/traffic) instead of 
robust acoustic features.

• Brute-force scaling (SAM-Audio ~1M h) is accurate but prohibitively expensive.

Can we match SOTA with far less data —

by prioritizing purity over scale?

Three coupled stages mine high-purity single-event segments from uncurated audio:

• Ontology reconstruction: prune AudioSet 474→283 separable leaf nodes (merge synonyms, 
drop abstract attributes).

• Semantic-acoustic alignment: reject multi-event clips; coarse-to-fine relabel with Qwen3-Omni
(98% agreement wIth human consensus).

• Super-resolution standardization: unify all audio to 44.1 kHz to enhance signal fidelity and 
acoustic quality..

Semantically-consistent mixing: A binary co-occurrence matrix M from Qwen3-
Omni permits only plausible event combinations; tuples are pairwise-compatible.

• 19.6 M mixtures; cover 2mix-5mix.

• 292 h unmixed val+test — broader than prior benchmarks.

• Single-label ✓ Principled mix ✓ Public data & tools ✓

• Hive-trained models rival SAM-Audio using only ~0.2% of its data, and lead 
on 3 OOD benchmarks (MUSDB18-HQ, USS-Bench, VGGClean).

• Purity of supervision > brute-force scale: a reproducible, low-compute 
paradigm for robust USS.
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Performance comparison on third-party test sets. 
“Orig.” stands for Original Datasets, and unreported metrics are marked with “–”. 

Controlled Shortcut Analysis
• Setup: Paired evaluation isolating statistical co-

occurrence bias (Co-occurring vs. Decorrelated 
backgrounds). 

• Failure Modes of Current USS: Original baselines 
rely on shortcuts; SDR drops sharply (Delta = -1.41
dB) against unfamiliar backgrounds

• The Hive Solution: High-purity supervision 
eliminates shortcut reliance, shrinking the to just -
0.39 dB. 

Datasets and mixing pipelines across USS methods.
• Train. / Val. & Test Dur.: total duration of the unmixed training set, and of the combined val+test 
sets. 
• Principled mix: mixing uses semantic/acoustic constraints, not random combination. 
• Pub. mixed data / mix tool: pre-mixed data and mixing code are public.
(✓ yes · ◐ partial · ✗ no)

submatrix of the semantic compatibility matrix used in Hive Overall label distribution visualized as a word cloud
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