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1 Appendix10

1.1 Technical background11

In this section, we provide technical backgrounds for CLAP.12

1.1.1 Contrastive Language-Audio Pretraining (CLAP)13

Language multi-modal models are not conventional self-supervised learning techniques as their learning14

is not based solely on the samples themselves but also through a similarity mapping between perception15

and text features. This also makes them different from traditional supervised learning methods that16

use sample-to-label mapping, since text descriptions are often unique to each sample. Thanks to17

the existence of language feature embeddings, language-based multi-modal models are not limited18

to pretraining but can be applied directly as foundation models [1] to downstream tasks such as19

classification.20

CLAP is an ALM model that maximizes the similarities between feature embeddings extracted21

from raw samples (images or audios) and features extracted from the corresponding text descriptions22

through LLMs (Fig. 1). Let the processed audio be Xa s.t. Xa P RFˆT where F are the number of23

spectral components (e.g. Mel bins) and T are the number of time bins. Let the text be represented by24

Xt. Each audio-text pair in a batch of N is represented as tXa, Xtui where i P r0, N s. For convenience,25

we drop the i notation, and henceforth tXa, Xtu will denote a batch of N.26

From the pairs, the audio and text are passed through an audio encoder and a text encoder27

respectively. Let fap.q represent the audio encoder and ftp.q represent the text encoder. For a batch of28

N:29

X̂a “ fapXaq; X̂t “ ftpXtq (1)

where X̂a P RNˆV are the audio representations of dimensionality V , and X̂t P RNˆU are the text30

representations of dimensionality U .31

We brought audio and text representations, X̂a and X̂t, into a joint multi-modal space of dimension32

d by using a learnable linear projection:33

Ea “ LapXaq;Et “ LtpXtq (2)
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where Ea P RNˆd, Et P RNˆd, La and Lt are the linear projections for audio and text respectively.34

Now that the audio and text embeddings (Ea, Et) are comparable, we can measure similarity:35

C “ τpEt ¨ EJ
a q (3)

where τ is a temperature parameter to scale the range of logits. The similarity matrix C P RNˆN has36

N correct pairs in the diagonal and N2 ´ N incorrect pairs in the off-diagonal.37

L “ 0.5pℓtextpCq ` ℓaudiopCqq (4)

where ℓk “ 1
N

řN
i“0 log diagpsoftmaxpCqq along text and audio axis respectively. We used this38

symmetric cross-entropy loss (L) over the similarity matrix to jointly train the audio and text encoders39

along with their linear projections.40

Figure 1: Technically, CLAP uses two encoders (an audio feature encoder and a language feature
encoder) and a contrastive learning objective, bringing audio and text descriptions into a joint multi-
modal space. On the pretraining stage, input audio and corresponding text descriptions are passed to
an audio encoder and a text encoder respectively to generate audio and text feature embeddings. Both
embeddings are connected in a joint multi-modal space with a linear projection. The multi-modal
space is learned with the (dis)similarity of the audio and text feature embeddings in each training
batch using a contrastive learning loss. The model is based on our previous work [2], in which we
evaluated CLAP on 16 downstream tasks across 7 domains, such as classification of sound events,
scenes, music, and speech.

1.1.2 Zero-Shot Transfer41

For the inference stage, the pretrained encoders with their projection layers are used to compute42

audio and text embeddings of the audio recordings and the class labels of a target dataset. Zero-Shot43

Classification is performed by computing cosine similarity between each audio file in the testing split44

and all the class labels. No training on the target dataset is needed.45

For Zero-Shot classification, we used CLAP’s ability to determine the similarity between audio and46

text. Let’s consider a target dataset with C class labels and N test audios. First, we compute audio47

embeddings and text embeddings for N audios and C classes using the pretrained encoders and their48

projection layers. Second, because both the embeddings are in a common space, we compute the cosine49

similarity between each testing audio and all the class labels. Each audio will have as many logits as50

class labels. Third, logits are turned into a probability distribution by applying softmax for binary or51

multi-class and sigmoid for multi-label classification. Note that there is no additional training stage52

for any set of N audios and C classes.53
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1.2 Details of pretraining CLAP and Zero-Shot Transfer54

Audio pre-processing. We used log Mel spectrogram representations of audio segments with a55

sampling rate of 44.1 KHz, hop size of 320 frames, window size 1024 frames, and 64 Mel bins in the56

range of 50-8000 Hz. During training, each audio clip is randomly truncated to a continuous segment57

of 7 secs, or padded if shorter. The captions were not altered. The batches with audio and text pairs58

are randomly sampled at training.59

Audio and Text Encoders. We chose CNN14 [3] and HTS-AT [4] model as the audio encoder60

due to its SoTA performance. CNN14 has 80M and HTS-AT has 30M parameters, an embedding size of61

2048, and was pretrained with 2M audio clips from AudioSet. The text encoder is the HuggingFace [5]62

implementation of BERT base uncased for CNN14 and CLIP text encoder [6] for HTS-AT. Both audio63

encoder and text encoder are fine-tuned during training. We limited the max text sequence length64

to 100 tokens for computational efficiency. The [CLS] token from the final layer of BERT is used as65

the text embedding with a size of 768. Both, the audio and text embeddings are projected into a66

multi-modal space with two learnable projection matrices resulting in an output dimension of 1024.67

The temperature parameter τ is learnable and initialized to 0.007. To prevent training instability, the68

logits scaled by τ are clipped to a maximum value of 100.69

Pretraining. We trained by unfreezing both encoders for 40 epochs. We used the CLAP model70

from the epoch that yielded the best performance in FSD50k. We use Adam Optimizer with an initial71

learning rate 10´3 and reduce the learning rate on plateau by 10´1 with a patience of 10. The models72

are implemented with PyTorch’s Distributed Data-Parallel and used 16GB V100 GPUs with scaling73

from 8 to 24 GPUs. Batch size was 128.74

Zero-Shot Transfer During inference/testing, the CLAP model has never seen in pretraining75

the audio from the benchmark datasets. Instead of using the class label, we constructed a natural76

language prompting. The text prompts used for each benchmark datasets are reported in Table ??.77

1.3 Evaluation metric78

Since our task is mostly binary classifications, we use a widely applied evaluation metric, Average79

Precision (AP) as our performance evaluation metric [7, 8]. And we only report the AP of our target80

class (i.e., positive class) in the project. We calculate AP as following calculation:81

AP “
ÿ

n

pRn ´ Rn´1qPn (5)

where Pn and Rn are the precision and recall at the nth threshold [9].82

1.4 Details of pretraining datasets83

To pretrain the three versions of CLAP model, we extracted audio-text pairs from different datasets84

and web archives:85

• CLAP-PANN (128K): FSD50k [10], ClothoV2 [11], AudioCaps [12], and MACS [13].86

• CLAP-HTS-AT (450K): 128k plus SoundDescs [14], BigSoundBank [15], SoundBible [15],87

FMA [16], NSynth [17], findsound.com.88

• CLAP-HTS-AT (2.1M): 450k plus CMUMOSI [18], MELD [19], IEMOCAP [20], MOSEI [18],89

MSPPodcast [21], CochlScene [22], AudioSet (Filtered) [23], Kinetics700 [24], Freesound [25],90

ProSoundEffects [26].91

The datasets come from different domains containing environmental sounds, speech emotions,92

actions, and music. Although these datasets were not specifically annotated for bioacoustics research,93

they encompass a wide range of animal sounds. This diversity enables the Zero-Shot Transfer of CLAP94

to bioacoustics tasks.95
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In Table 1, we exemplify the variability in the complexity of captions across the datasets. The96

captions in Clotho contain multiple sound events like “crow crows and a person imitating the crow”97

and the same in MACS “a crow screaming with kids yelling in the background along with another98

bird”. SoundDescs has larger captions with multiple events in longer-duration audio recordings, the99

WavText5K [15] caption focuses on “crow crying” and provides a description of where and when (“the100

middle of the night”) the event is happening.101

Source Description

AudioCaps
Screeching and light banging
with a distant crow calling.

Clotho
A crow crows loudly as a person
is heard imitating the sound.

MACS
a crow is screaming in the background kids
are yelling then another bird is screaming.

SoundDescs
Birds - Birds, Madumbalai National Park, early
morning with close-up partridge calls,
warblers, crow-pheasants and house crow

WavText5K A single crow crying in the middle of the night

Table 1: Variability of captions across 5 datasets.

1.5 Details of the 9 bioacoustics benchmark datasets102

For all the audio segments, we first resampled the samples to 44.1kHz to match the training data of103

CLIP. We then computed log Mel spectrogram representations using the same parameters for the104

training data: hop size of 320 frames, window size 1024 frames, and 64 Mel bins in the range of 50-8000105

Hz. For training the supervised baseline models, we also follow the BEANS protocol to randomly106

augment the spectrograms for better supervised classification performance.107

The technical details of the datasets are in Table 2. Tropical Gunshots dataset does not have a test108

set. The supervised model was validated and tested on the same validation set. CLAP was also tested109

on the validation set. Warblr, Freefield, and Tropical Gunshots are pre-segmented datasets. Therefore,110

they do not have step sizes. The # Categories colum in Table 2 represent the number of independent111

categories (e.g., species of birds) besides noise.112

Table 2: Technical details of the bioacoustics datasets in this project.

Dataset Subject # Categories Train/Val/Test # Default sampling rate (Hz) Window size Step size

Jackdaw [27] Birds 1 413/118/59 16000 2 sec. 1 sec.
Enabirds [28] Birds 34 13629/4543/4543 32000 2 sec. 1 sec.
Freefield [29] Birds - 5383/1153/1154 44100 10 sec. -
Warblr [30] Birds - 5600/1200/1200 44100 10 sec. -
Rfcx [31] Birds & Frogs 24 2334/764/711 48000 10 sec. 5 sec.
Hiceas [8] Minke Whales 1 4457/1458/1458 22050 (down-sampled from 500000 by BEANS) 10 sec. 5 sec.
Meerkat [27] Meerkats 2 2773/944/741 16000 2 sec. 1 sec.
Tropical Gunshots [32] Gunshots 1 28790/7190/- 800 4 sec. -
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