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Introduction



Background: Prompt Tuning

v Prompt tuning
v" Learns lightweight prompt tokens while keeping the
dual encoder frozen
v Enables efficient few-shot adaptation without

full model fine-tuning

v" Why prompt tuning?
v’ Parameter-efficient and label-efficient adaptation
v" Preserves pretrained knowledge

v' Easy to apply to downstream tasks

v" Representative baselines
v" CoOp learns continuous context tokens

v' CoCoOp generates input-conditional prompts
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Background: Base-to-New Tradeoff

v" Generalization protocol
v Train prompts only on base (seen) classes

v" Evaluate the same prompts on both base and new (unseen) classes

v' Base-to-New tradeoff (BNT)
v’ Strong adaptation to base classes, poor generalization to unseen classes
v A well-known Base-to-New Tradeoff in prompt tuning

v Extensively studied in Vision-Language Models, but largely unexplored in Audio-Language Models



Introduction Key Observation: Semantic Structure Collapse

v' Prompt tuning disrupts semantic alignment

v' Class embeddings become less aligned with their
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Method



Semantic Expansion with LLM Generated Neighbors

v' Main idea
v" Enrich each base class with LLM-generated semantic neighbors

v Use neighbors as dense local support in the text embedding space

v Semantic neighbors

v' Generate NV related sound concepts, acoustic variants, or paraphrases per class
v’ airplane — aircraft, jet, engine noise

v' breathing — sighing, exhaling, inhaling

v" Training-time regularization
v Encode classes and neighbors with the same learnable prompt
v" Preserve local semantic geometry while optimizing for audio classification

v" Remove neighbors at inference time, keeping the original prompt-tuning pipeline



Method Margin-based Semantic Expansion Loss

v SEPT: Semantically Expanded Prompt Tuning

v" Intra-class Alignment
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v" Margins are computed from the original pretrained text space

v Prevent over-compression of positives and over-separation of negatives

v Semantic Expansion Loss Audio Waveform
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v’ Datasets
v 11 audio classification benchmarks across sound events, instruments, emotion, scenes, music, and vocal sounds
v" Beijing-Opera NS-Instruments, ESC50, ESC50-Actions, UrbanSound8k, CREMA-D, RAVDESS, SESA, GT-Music-Genre,
VocalSound, TUT2017

v" Model and Baselines

v Pengi Audio-Language Encoders
v' CoOp, CoCoOp, KgCoOp, DePT

v" Evaluation protocols
v’ Base-to-new generalization: train prompts on base classes, evaluate on base and unseen new classes

v Cross-dataset evaluation: train prompts on a source dataset and directly test on a different target dataset

v’ Few-shot setting
v 16-shot per base class



Results: Base-to-New Generalization

Experiments

v" Generalization under category shift
v" Train prompts on base classes and evaluate them on both
seen base classes and unseen new classes within the same

dataset

v" Consistent gains across baselines

v Average harmonic mean over 11 datasets
CoOp: 42.83 — 49.70

CoCoOp: 46.26 — 50.65

KgCoOp: 36.39 — 49.79

DePT: 46.79 — 49.06
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v' Better new-class generalization
v Conventional prompt tuning overfits base classes
v SEPT improves new-class accuracy while keeping

competitive base performance

Method Avg. over |1 datasets Beijing-Opera NS-Instruments ESC50

Base New H Base New H Base New H Base New H
Pengi 4068 3821 3846 6416 6855 6615 4332 30.01 3546 1570 1370 14.33
CoOp 65.00 3409 4283 9727 6138 7487 4111 2388 30.08 6197 11.83 1946
+SEPT 6436 4298 4970 9788 71.87 8245 4333 37.78 40.29 59.00 1580 24.70
CoCoOp 69.13 3683 4626 97.86 70.80 S81.84 4742 37.66 4184 70.13 13.63 2278
+SEPT 6863 4259 5065 9785 7106 8160 5215 2996 3795 69.10 1733 27.62
KeCoOp 3799 3742 3639 6726 6140 6296 39.80 3927 39.11 1410 1033 1176
+SEPT 5892 4528 4979 9444 6799 7828 51.24 40.86 4528 4760 1833 2633
DePT 63.860 3991 4679 97.26 6225 7532 4375 2821 3401 60.80 14.00 2253
+SEPT  64.57 4163 4906 9632 6274 7500 47.66 3790 4L60 5680 16.03 2491

ESC50-Actions UrbanSound8k CREMA-D RAVDESS

Method

Base New H Base New H Base New H Base New H
Pengi 25.50 28.00 2644 30,68 3951 3414 5225 3236 3996 2538 32116 28.37
CoOp 8533 4933 6197 618 3122 4094 5250 9.01 1529 5101 2775 3588
+ SEPT 8250 52,607 6390 6122 3634 4495 5275 4206 44.17 5455 3392 41.39
CoCoOp 8917 4150 56.15 6425 30.77 4105 56.80 26.07 3562 5682 2687 3639
+ SEPT 8750 5150 6458 6106 2593 3626 5406 1972 2821 6355 3757 46.77
KgCoOp 3650 30.67 3288 26.14 26.15 2540 4270 5543 4248 2753 2746 2742
+SEPT 67.83 5150 5797 5696 38.77 4532 5306 6953 5992 4558 3231 37.79
DePT 81.33 4467 57.12 6321 3728 46.05 51.56 33.19 3354 5265 32.01 39.28
+SEPT 7967 5267 6302 61.11 3622 4479 5144 3560 3893 5290 2907 3749

SESA GT-Music-Genre VocalSound TUT2017

Method

Base New H Base New H Base New H Base New H
Pengi 75.00 89.19 RBl148 3564 1515 21.26 5928 53.01 5597 2052 1865 19.53
CoOp 85.78 7477 7933 5776 2054 2976 7526 45.01 56.00 4511 2025 27.53
+SEPT 7892 8378 8122 56.11 2323 3215 7411 5414 6238 4755 2114 29.05
CoCoOp 8578 7297 7868 60.73 2424 3268 8247 40.03 5319 49.01 2055 286l
+SEPT 88.73 8649 8742 4980 4632 4799 7957 6106 68.84 5160 2154 29.94
KegCoOp 68.14 7928 7237 2739 1582 1977 5250 4991 5110 1583 1590 15.10
+SEPT 7990 8288 8123 4290 2088 2808 70.12 356.05 6223 3848 1894 2530
DePT 8039 91.89 8572 50.17 2290 31.08 7224 49.00 5828 49.12 2367 31.75
+SEPT 87.25 8288 8490 5578 2391 3313 7534 57.70 6524 4605 2325 3070




Results: Cross-dataset Transfer

v" Generalization beyond category shift

v Train prompts on a source dataset and test on a

different ta rget dataset Sound Event Classif. Emotion Recog. Instrument Classif.
S Method  £gCs0.A. UrbanS.  RAV.  CREM. NS-Inst.  Beijing.
v" Measures robustness under dataset-level distribution (Source)  (Target) (Source) (Target) (Source) (Target)
Shift CoOp 70.08 19.02 3068 1574 3530  31.92
+SEPT  69.42 2421 3170 2389 3721  41.66
CoCoOp  77.83 1643  33.81 898 3745 3644
. . +SEPT  78.17 2318 3150 1914  39.63  37.99
v SEPT consistently improves transfer accuracy KeCoOp 1592 334 1219 1208 1655 2996
. +SEPT  54.50 21.84 2505 2060 39.16  50.01

v" Pluggd into CoOp:
DePT 70.83 2186 3096 1753 3689  37.72
v ESC50-Actions — UrbanSound8K: 19.02 — 24.21 +SEPT  68.08 2446 2783 2707 3630  44.49

v" RAVDESS — CREMA-D: 15.74 — 23.89
v" NS-Instruments — Beijing-Opera: 31.92 — 41.66



Experiments

Analysis

v' Component ablations
v" Naive pull-push regularization without margins can distort
the embedding space
v" Margin constraints stabilize semantic expansion and produce

the best harmonic mean

v" Compute efficiency
v" No additional trainable parameters over CoOp
v No additional inference latency; neighbors are used only during

training

v Qualitative structure
v t-SNE shows tighter clusters between new classes and
their semantic neighbors
v' Semantic structure learned from base classes transfers to

unseen classes

Ablation study

[fintru mintra ﬁinter minter Base New H

1 65.00 34.09 42.83

2 v 58.31 33.58 41.17

3 v v 64.99 3690 44.52

4 v 62.01 36.68 43.48

5 v v 62.84 38.79 46.04

6 v v 61.82 32.89 41.47

7 v v v v 64.37 4293 49.70

Efficiency

# Params Training Time (s) Inference Time (ms) H
CoCoOp 107,072 681.5 40.9 46.26
KgCoOp 8,192 96.0 2.8 36.39
DePT 114,738 108.1 2.8 46.79
CoOp 8,192 94.0 2.8 42.83
+ SEPT 8,192 170.7 2.8 49.70

t-SNE visualization
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Conclusion



Conclusion Takeaway

v' Preserve semantic structure, not only base-class accuracy

v Prompt tuning in ALMs suffers from BNT because learned prompts disrupt semantic neighborhoods

v Semantic neighbors provide dense local support

v LLM-generated neighbors compensate for sparse audio label spaces and maintain text-space geometry

v Margin-based expansion enables stable regularization

v" Intra-class alignment and inter-class separation improve generalization while preserving pretrained relations

v' Simple, effective, and plug-and-play
v SEPT improves base-to-new generalization and cross-dataset transfer

v No additional inference overhead



Thank you!
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