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Abstract—Although large-scale pre-trained models have rev-
olutionized audio classification, adapting them to downstream
few-shot tasks remains challenging. Existing methods face a
dilemma: conventional few-shot adaptation requires resource-
intensive gradient updates, while zero-shot inference often suffers
from semantic misalignment in text prompts. To address these
issues in deployment-constrained scenarios, we propose Audio-
Guided Adaptive Prompt Ensembling (AGAPE), a training-free
framework for few-shot audio classification. Specifically, AGAPE
first utilizes limited support shots to construct optimal class-
specific text prototypes, thereby enhancing text-prompt-based
classification. Subsequently, the final classification is achieved by
fusing the similarity scores of the test sample against both these
optimized text prototypes and the audio prototypes. Further-
more, we introduce the Covariance Matrix Adaptation Evolution
Strategy (CMA-ES) for Test-Time Adaptation (TTA), enabling
efficient model adaptation without gradient updates. Experiments
on ESC-50 and FSD50K demonstrate that AGAPE significantly
outperforms the baseline. Ablation studies further validate the
effectiveness of our methods.

Index Terms—audio classification, few-shot learning, prompt
ensembling, test-time adaptation

I. INTRODUCTION

The objective of audio classification is to categorize diverse
sound classes. It serves as the fundamental basis for specific
tasks such as sound event detection [1], [2], acoustic scene
classification [3], [4], and anomalous sound detection [5].
The most widely adopted paradigms typically involve either
training neural networks from scratch or leveraging foundation
models pre-trained on large-scale audio data, followed by fine-
tuning for specific downstream tasks [6]-[8]. However, fine-
tuning is not always feasible for audio classification tasks due
to constraints on the type, quality, and quantity of audio data
in real-world scenarios [9]-[12].

CLIP [13] stands as a milestone in the field of computer
vision. By pre-training on large-scale datasets using contrastive
learning, it aligns visual and textual modalities, achieving
state-of-the-art performance in zero-shot visual classification.
Extending the CLIP paradigm to the audio domain, CLAP
[14] aligns audio and text representations in a shared space,
which has become a standard approach for zero-shot audio
classification. However, standard CLAP models typically rely
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on a single generic prompt (e.g., this is a sound of <label>)
to handle all detection tasks. While this approach suffices for
simple zero-shot scenarios, it is often not the optimal choice
for specific tasks or distinct sound categories.

Recently, several studies have focused on prompt optimiza-
tion. For instance, TSPE [15] designs customized prompt
templates tailored for specific tasks, such as acoustic scene
classification and instrument classification. Similarly, PAT [16]
constructs a prompt data store and leverages a cross-modal
interaction approach to enhance performance. A primary limi-
tation of these methods is their exclusive focus on purely zero-
shot scenarios, making them difficult to extend to few-shot
settings. Another line of research aims to improve performance
by introducing learnable prompts or prompt embeddings, as
demonstrated by methods like COOP [17] and PALM [18];
however, the requirement for training remains a significant
limitation of these approaches.

Alternatively, Taylor et al. [19] introduced a straightforward
strategy that substitutes text embeddings with the average
embedding of a few audio samples, thereby shifting the
optimization focus of CLAP to the audio modality. According
to their findings, constructing class prototypes from audio
samples yields superior robustness compared to text-based
prototypes, primarily due to the noise inherent in text prompts.
However, a limitation of their study is the reliance on a
relatively large number of samples (e.g., 20 per class) for
prototype construction. In contrast, other studies focusing on
few-shot learning typically utilize fewer samples (e.g., 5 per
class) to better align with real-world scenarios [12], [20].

On the other hand, in real-world audio classification sce-
narios, models are frequently deployed on edge devices (e.g.,
smartphones) to ensure real-time recognition. Under such
conditions, constrained by the device’s software architecture
and computational resources, the parameters of the deployed
models often remain frozen. Consequently, Test-Time Adapta-
tion (TTA) techniques, particularly backpropagation-free (BP-
free) approaches, have become critically important. Previously,
BP-free TTA approaches were primarily applied in the field
of computer vision [21]. Recently, E-BATS [22] successfully
extended these techniques to the speech domain, utilizing
CMA-ES [23] to enable test-time adaptation for speech models



such as HUBERT [24]. However, to date, no existing work has
applied similar techniques to the field of CLAP-based audio
classification.

Our perspective aligns with Taylor et al. [19], as we aim
to optimize CLAP-based audio classification using limited
support samples without conducting any additional model
training. Inspired by the recent success of CMA-ES-based test-
time optimization in speech foundation models [22], we hy-
pothesize that this approach can be transferred to CLAP mod-
els to realize optimization without backpropagation. Specif-
ically, we leverage a minimal support set (3 shots) to build
audio prototypes while filtering the optimal prompts for each
category to construct text prototypes. By jointly leveraging
these multi-modal prototypes, we perform audio classification
and employ CMA-ES [23] to further boost performance. The
main contributions of this paper are summarized as follows:

o We introduce Audio-Guided Adaptive Prompt Ensem-
bling (AGAPE), a training-free framework designed for
few-shot audio classification. A comprehensive prompt
library is designed to facilitate prompt ensembling.

+ We introduce the CMA-ES technique to achieve test-time
optimization for fine-tuning-free few-shot audio classifi-
cation based on CLAP.

o Comprehensive ablation studies are performed to validate
the effectiveness of different prompts and analyze the
roles of audio and text modalities in CLAP.

II. METHODS

A. Audio-Guided Adaptive Prompt Ensembling Framework

The proposed AGAPE framework is illustrated in Fig. 1. For
a few-shot audio classification task, let S, = {z1,22,..., 2N}
denote the support set containing /N audio samples for a
specific class c. Similar to the approach by Taylor et al. [19],
we employ the pre-trained CLAP audio encoder, denoted as
E,(-), to extract the audio embeddings v; for each sample in
the support set:

vi = Eu(v;), ;€S (1)
We then construct the audio prototype p( @) by computing the
mean of these support embeddings:
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In parallel, we construct a prompt library consisting of L
diverse templates: P = {t1,t2,...,t5}. We use the CLAP text
encoder F(-) to extract the text embedding u; = E,(¢;) for
each prompt template. To select the most effective prompts
for the class ¢, we calculate the average cosine similarity
between each text embedding u; and all audio embeddings
in the support set:

1 N
rﬁz s(uj, vi) 3)

We then select the top-K prompts with the highest similarity
scores s;. The text prototype pét) is obtained by averaging the
embeddings of these selected prompts:
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Audio and text prototypes are cached for efficient access
during the inference phase. Notably, as shown in Fig. 1,
prompts with the highest similarity provide rich descriptive
details about the audio class, offering more information than
the category label alone.

Finally, given a query sample x, with an audio embedding
z = E,(z,), we calculate its cosine similarity with both the
audio prototype and the text prototype. The final classification
score S(z,c) is derived by fusing these similarities using a
weighting parameter [3:

S(z,c) = B+ cos(z,p) + (1 — B) - cos(z,p{™)  (5)

Additionally, for purely zero-shot audio classification sce-
narios where the support set is unavailable, we utilize all tem-
plates from the prompt library to ensure the system operates
effectively. In this case, the text prototype is constructed by
averaging the embeddings of all generated prompts:

1 L
(t) — = E .
b’ = L = u; (6)

and the final classification score relies exclusively on the
cosine similarity between the query audio embedding and the
text prototype:

S(z,¢) = cos(z, pM) (7

B. Prompt Library

Following related works such as TSPE [15] and PAT [16],
we first establish a dedicated prompt library for CLAP. This
library is constructed with the assistance of GPT-40 [25],
refined through careful manual curation. As illustrated in
Table I, we broadly categorize the prompt library into five
groups. Specifically, the “Basic Definitions” category consists
of generic templates applicable in most scenarios. “Environ-
mental & Spatial” prompts focus on the source location and the
acoustic environment. “Acoustic & Physical” covers physical
attributes such as the sounding material or pitch characteristics.
“Signal Quality” describes audio quality aspects, such as
the presence of background noise. The remaining prompts
are assigned to the “Others” category. Unlike TSPE [15],
our Prompt Library is not meticulously tailored to specific
datasets; instead, it prioritizes maximum generality.

C. Test-Time Adaptation based on CMA-ES

Recently, CMA-ES [23] has been successfully applied to
test-time optimization of speech foundation models [22].
Building on this, we propose a straightforward test-time adap-
tation method for CLAP, designed to mitigate potential noise
within the AGAPE framework caused by limited support sets
or suboptimal text prompt selection.
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TABLE I
CATEGORIZATION OF THE PROMPT LIBRARY.

Category Examples

Basic “A sound of <label>.

Definitions “An audio recording of <label>.
Environmental “The sound of <label> in a natural environment.”
& Spatial “An echoing sound of <label> in a large space.”
Acoustic “A metallic sound of <label>

& Physical “A high-pitch sound of <label>"

“A clear recording of <label> with minimal back-
ground noise.”
“A noisy recording of <label> in a crowded place.”

Signal Quality

Others “The sound of <label> interacting with water.”
“A continuous and smooth sound of <label> over

time.”

The pseudocode of our TTA algorithm is presented in
Algorithm 1. Specifically, for a query sample with an initial
audio embedding zg, we seek an optimal latent prompt §* to
construct an adapted embedding z:

% =20+ 6" (8)

Following [22], the optimization objective of CMA-ES is
to minimize the entropy of the predicted class distribution,
thereby encouraging the model to output high-confidence
predictions. According to the original CLAP protocol [14],
converting logits (i.e., cosine similarities) into probabilities
requires the softmax function for single-label classification and
the sigmoid function for multi-label classification.

For single-label classification, the optimal latent prompt &~
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Overview of Audio-Guided Adaptive Prompt Ensembling framework.

is defined as:

— > P(c|z)log P(c|2) ©)

" = argmin
6 ceC

The probability P(c|z
softmax function:

P(elz) =

) is computed using a temperature-scaled

exp(7 - 5(2,¢))
2 kec exp(7 - 5(2, k)

where C is the set of all target classes, and 7 is the temperature
hyperparameter.

For multi-label classification scenarios, we employ the sig-
moid function and compute the sum of binary entropies. The
optimization objective is formulated as minimizing the total
uncertainty across all independent classes:

(10)

0" = arg mlnz ( z)log P(c|z)
(1 P(c]2))log(1 - P<c|z>>)
(11)

Here, each class probability P(c|z) is independently esti-
mated using the sigmoid activation function:

1
1+ exp(—7-8(z,¢))

P(clz) = (12)

In each iteration, CMA-ES generates a population of can-
didates, evaluates their entropy loss, and updates its search
distribution. Since a relatively comprehensive set of classes C
is a prerequisite for this optimization, we treat the proposed
TTA as an optional refinement step.



TABLE 11
COMPARISON WITH STATE-OF-THE-ART METHODS ON ESC-50 AND FSD50K. (%)

Setting Shot Method ESC-50 (Acc) FSD50K (mAP)

CLAP [14] 93.70 43.43
TSPE [15] 94.55 49.75
Zero-Shot 0 PAT [16] 94.80 4552
Our Prompt Library 95.40 48.81
20 Taylor et al. [19] 97.0 56.1

Taylor et al. [19] 95.79+1.43 51.75+0.91

Few-Shot Our Text proto only (8 = 1) 95.47+1.45 53.82+0.28

3 Our Ensemble (8 = 0.5) 96.72+1.33 58.29+0.70

Our Text proto only (8 = 1) with TTA 95.80+1.49 55.11+£0.24

Our Ensemble (8 = 0.5) with TTA 96.80+0.69 58.72+0.58

Algorithm 1 Test-Time Adaptation via CMA-ES
Require: Query audio embedding zy, CMA-ES state 8, max
iterations 7', population size A
Ensure: Predicted label(s) ¢
1: Initialize CMA-ES state 6 and best prompt §*
: for iteration t =1 to T" do
Generate candidates: D < {1, ..

2
3 ., 0} ~ Sample(0)
4:  Evaluate losses £(zo + 9) for all § € D

5:  Update best solution:

6: 0" « argmingepugs+y L£(2zo + 0)
7. Update state @ based on losses

8: end for

9: Inference:

Compute adapted embedding z < zg + 6~
Predict ¢ using scores from z

return g

III. EXPERIMENTS
A. Datasets

Following the protocol of previous audio-prototype-based
few-shot audio classification baseline [19], we conduct experi-
ments on two datasets: ESC-50 [26] and FSD50K [27]. Specif-
ically, ESC-50 consists of 2,000 audio samples distributed
across 50 categories, with each 5-second clip annotated with
a single label. The FSD50K dataset is larger, comprising over
50,000 audio clips spanning 200 sound classes. Compared
to ESC-50, FSD50K features greater diversity and supports
multi-label annotations, where a single sample may contain
multiple sound events. We adhere to the standard evaluation
protocols for both datasets: we perform 5-fold cross-validation
on ESC-50, and utilize the official development and evaluation
splits for FSD50K. We adopt accuracy and mean Average Pre-
cision (mAP) as evaluation metrics for ESC-50 and FSD50K,
respectively.

B. Experimental Setup

Consistent with prior works [15], [19], we utilize the 2023
version of CLAP as our backbone model. By default, we
set the fusion weight 8 to 0.5 for combining audio and

text prototype similarities, so that both prototypes contribute
equally. For the ESC-50 dataset, we set K to 3, while for
FSD50K, we set K to 10, as the latter is more complex
and potentially contains more noise. In few-shot settings, the
support set size N is set to 3, and the experiments are repeated
10 times. For the CMA-ES-based test-time adaptation, we
configure the number of iterations to 10, with a population
size of 16 and an initial standard deviation o = 0.05. We set
T to 10.

IV. RESULTS
A. Main Results

The experimental results are shown in Table II. We first
evaluate the performance in a fully zero-shot scenario. The
experimental results indicate that our designed prompt library
achieves effective zero-shot audio classification performance,
thereby demonstrating its generalizability and robustness.
However, on FSD50K, utilizing the full prompt library yielded
inferior results compared to our reproduction of TSPE, which
employs 20 meticulously designed templates. We attribute this
to the introduction of unnecessary noise when incorporating
all 50 templates. Consequently, we recommend pruning the
prompt library according to specific scenarios to enhance
performance in zero-shot audio classification tasks.

Next, we evaluate the performance under the few-shot audio
classification scenario. Initially, we observe that employing
solely text prototypes yields performance comparable to using
audio prototypes. Specifically, audio prototypes outperform
text prototypes on the ESC-50 dataset, whereas the opposite
trend is observed on FSD50K. We attribute this discrepancy
to the higher complexity and noise levels inherent in the
FSD50K samples. Consequently, in the low-shot regime (e.g.,
3-shot), audio prototypes constructed from a limited support
set tend to be less effective. On the FSD50K dataset, prompt
selection significantly enhances text-based audio classification
performance; however, this benefit is less pronounced on
ESC-50. Consequently, in scenarios analogous to ESC-50,
directly employing a text-prototype-based zero-shot approach
may offer greater cost-effectiveness.

On the other hand, the joint utilization of audio and text
prototypes (with 3 = 0.5) yields superior performance com-
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Fig. 2. Frequency of different templates.

pared to using either audio or text prototypes in isolation.
This demonstrates that although CLAP maps audio and text
into a common latent space, a residual modality gap persists.
Crucially, this gap can be effectively bridged through a simple
weighted summation of similarity scores.

B. Effectiveness of Test-Time Adaptation

We evaluated the impact of incorporating Test-Time Adap-
tation (TTA). As shown in Table II, the results indicate that
CMA-ES-based TTA can, to a certain extent, enhance CLAP-
based audio classification performance. With the introduction
of TTA, our method achieves performance in the 3-shot setting
comparable to that of the baseline in the 20-shot setting,
further demonstrating the effectiveness of our approach.

Notably, this improvement is significantly more pronounced
on the FSD50K dataset. We attribute this phenomenon to the
complexity of the datasets. FSD50K features a larger number
of classes and multi-label samples; in such scenarios, TTA
effectively resolves prediction ambiguity. In contrast, ESC-50
is a relatively simple dataset where the CLAP model is already
highly confident. Consequently, forcing adaptation in such
high-confidence cases can be counterproductive. Therefore, we
conclude that the deployment of TTA for audio classification
should be context-dependent: it may be unnecessary for simple
tasks with fewer categories, but it serves as a valuable booster
for complex tasks characterized by high cardinality and noise.

C. Effectiveness of Prompt Templates

To explore the effects of different prompt templates in our
designed prompt library, we counted the frequency of each
template being selected as a top-K (K = 3) prompt across
multiple experiments, as illustrated in Fig. 2.

Overall, the frequency of prompt templates exhibited a dis-
tribution similar to the normal distribution. Consistent with our
expectations, general-purpose prompt templates appeared with
the highest frequency. Notably, those containing the specific
term “recording” were selected significantly more often than
others. This phenomenon may be attributed to the pre-training
bias of the CLAP model, where captions containing metadata-
like descriptions (e.g., ‘an audio recording of...”) are prevalent.

In the intermediate frequency range, we also observed
several interesting phenomena. For instance, “high-pitch” tem-
plates were selected significantly more frequently than “low-
pitch” ones, and the template “A wooden sound of <label>"
proved far more effective than “The sound of <label> inter-
acting with wood”. These findings provide valuable insights
for manually constructing more effective prompts for CLAP.

Furthermore, some prompt templates were rarely or never
selected. For instance, we designed the prompt template “A
sound of <label> captured in an industrial environment”
within our library. Despite its semantic plausibility, it never
ranked among the top-3 candidates based on similarity scores.
We therefore suggest that these templates could be optimized
or omitted in future work.

D. Effectiveness of Text and Audio Prototypes

As illustrated in Fig. 3, we also investigated the impact
of selecting different values of 3 on the two datasets without
TTA. The experimental results demonstrate that as J increases
from O to 1, the performance first increases and then decreases.
Optimal performance is achieved on both datasets when f3
is set to approximately 0.6 and 0.7, respectively. This is
consistent with our hypothesis that the synergistic effect of the
two modalities can reduce noise introduced by support samples
to a certain extent, thereby achieving better audio classification
performance. On the other hand, the optimal value of 3 leans
towards 1 rather than being exactly 0.5, suggesting that text
prototypes contribute more significantly to the classification.

E. Visualization

As illustrated in Fig. 4, we employ t-SNE [28] to visualize
the feature distributions of the “Dog” and “Cat” categories
from the FSD50K dataset. The visualization reveals that de-
spite CLAP’s alignment objectives, a discernible gap persists
between audio and text modalities. Specifically, visual inspec-
tion indicates distinct preferences across categories: for the
“Dog” class, the audio prototype appears more representative
of the sample distribution, whereas for the “Cat” class, the
text prototype resides closer to the cluster centroid. However,
in real-world scenarios, it is difficult to determine a priori
which prototype is superior for a given category. Consequently,
our approach jointly utilizes both prototypes, thereby bridging
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this modality gap and enhancing the robustness of audio
classification against such uncertainty.

V. CONCLUSION

In this paper, we presented Audio-Guided Adaptive Prompt
Ensembling (AGAPE), a novel training-free framework de-
signed to adapt large-scale pre-trained models like CLAP to
downstream few-shot audio classification tasks. By leveraging
audio-guided prompt selection and multimodal prototypes, our
method effectively mitigates the semantic misalignment often
found in zero-shot inference. Furthermore, we integrated the
CMA-ES algorithm to achieve efficient Test-Time Adaptation
for CLAP without the computational burden of gradient up-
dates. Extensive experiments demonstrate that AGAPE signif-
icantly outperforms the baseline. For future work, we plan
to conduct deeper investigations into optimizing prompt tem-
plates and explore robust TTA strategies to address challenges
in scenarios with extremely limited category diversity or class-
imbalanced test streams. Additionally, we will investigate the
impact of CMA-ES hyperparameters, such as the number of
iterations, as they significantly affect both computational cost
and overall performance.
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