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ABSTRACT

Few-shot Acoustic Event Classification (AEC) aims to learn
a model to recognize novel acoustic events using very limited
labeled data. Previous works utilize supervised pre-training
as well as meta-learning approaches, which heavily rely
on labeled data. Here, we study unsupervised and semi-
supervised learning approaches for few-shot AEC. Our work
builds upon recent advances in unsupervised representation
learning introduced for speech recognition and language
modeling. We learn audio representations from a large
amount of unlabeled data, and use the resulting represen-
tations for few-shot AEC. We further extend our model in
a semi-supervised fashion. Our unsupervised representation
learning approach outperforms supervised pre-training meth-
ods, and our semi-supervised learning approach outperforms
meta-learning methods for few-shot AEC. We also show that
our work is more robust under domain mismatch.

Index Terms— acoustic event classification, few-shot
learning, representation learning, semi-supervised learning

1. INTRODUCTION

Acoustic Event Classification (AEC) aims to identify whether
certain events occur in an audio clip. Models achieving high
performance typically rely on a large amount of labeled data
[1]. However, scenarios such as rare event classification re-
quire building models with limited labeled data. Further,
building personalized audio event detectors for smart home
assistants such as Alexa, Google Home or Siri requires build-
ing models with extremely limited data (e.g., < 10 samples).
Few-shot AEC via meta-learning has been proposed as a
solution for building models in low data regimes [2].

Briefly, few-shot learning methods strive to build classi-
fiers that generalize well with a few examples for classes not
seen during training. Popular methods for few-shot learning
follow episodic training paradigm of meta-learning, wherein
training proceeds by mimicking the few-shot problems that
need to be solved at test time [3, 4, 5]. Another area of deep
learning which deals with none, or limited labeled data is un-
supervised or semi-supervised learning. After the initial wave
of few-shot learning studies, several works attempt to aug-
ment few-shot learning with the benefit of learning from unla-

beled data. Examples include augmenting the labeled set with
additional unlabeled samples through pseudo-labeling [6, 7],
as well as including auxiliary tasks along with few-shot clas-
sification in a multi-task paradigm [8].

While the added benefit of unlabeled data in few-shot
learning is clear, the general consensus is that unsupervised
or semi-supervised learning alone is not as efficient as meta-
learning methods for few-shot classification tasks. However,
given the recent developments in speech/language sequence
modeling [9, 10, 11, 12], we visit the problem of few-shot
AEC using unsupervised and semi-supervised learning ap-
proaches. We make the following contributions: (1) We
introduce a new unsupervised framework for few-shot AEC,
built upon unsupervised representation learning and (2) We
propose a simple semi-supervised extension to our frame-
work. Quantitative results show that the proposed approach
achieves improvement over existing supervised meta-learning
approaches for few-shot AEC.

2. OVERVIEW

Acoustic Event Classification (AEC) is a multi-label clas-
sification problem. Given an input audio clip x, the goal
is to train a model F to predict a multi-hot vector y =
[y1, y2, ..., yC ], where yi is a binary value that indicates
whether or not event i occurs in the audio clip x. C is the
total number of target events. Supervised few-shot acoustic
event classification [2] aims to train a model using a large
set of labeled base class data Ctrain. The goal is to detect
novel class data Ctest with only few labeled samples for
each novel event available. A validation set Cvalid is used
for hyper-parameter tuning. Here Ctrain, Cvalid and Ctest

are non-overlapping, so the model should learn to generalize
across novel classes.

At test time, for an N -way K-shot few-shot classification
task, we sample N classes from the novel class data Ctest to
form an N -class classification task t. The task t consists of a
labeled support set S includingK positive samples from each
class and a total of K− negative samples that do not belong
to any of the N sampled classes. The support set S is used
to train the model. We also form a query set Q sampled from
the same N classes. The model is evaluated by classifying
the query set samples into N classes. The performance is



reported as average AUC of T sampled few-shot classification
tasks.

3. METHODS

We briefly describe the supervised pre-training and the best
performing meta-learning approach (prototypical network)
[2] in Section 3.1 and Section 3.2 respectively. We introduce
the proposed unsupervised approach for few-shot AEC in
Section 3.3 and its semi-supervised extension in Section 3.4.

3.1. Supervised pre-training

Supervised pre-training method trains encoder fE and classi-
fier fC performing multi-label classification task with cross-
entropy loss using the whole base class data Ctrain. Here fE
maps an audio sample into latent space, and the classifier f iC
maps the latent embedding to probability of class i.

Lcls = −
∑
(x,y)

Ctrain∑
i=1

yi log f iC(fE(x))+(1−yi) log(1−f iC(fE(x)))

(1)
At test time, we discard the classifier fC and only use

the encoder fE as the few-shot classification model F . The
model F directly classifies the query set samples based on
their distance to the support set samples. Specifically, for an
N -way K-shot task, for each novel class i in total N novel
classes, the support set consists of K positive sample xs+

and K− negative samples xs−. As shown in (2), we use the
model F to project samples into embedding space. We then
calculate the average distance of a query sample xq to each
positive sample xs+ and each negative sample xs−. We use
the average distance of xq to xs+ to represent how far xq is
from being class i, denoted as d̂+i ; We use the average dis-
tance of xq to xs− to indicate how far xq is from not being
class i, denoted as d̂−i . Finally, we apply softmax function to
obtain the binary probability ŷi of detecting that class i occurs
in the query sample xq . Here we use cosine similarity as the
distance metric D.

d̂+i =
1

K

∑
K

D(F (xs+), F (xq)), d̂−i =
1

K−

∑
K−

D(F (xs−), F (xq))

p(ŷi = 1) =
exp(−d̂+i )

exp(−d̂−i ) + exp(−d̂+i )
(2)

3.2. Prototypical network

Prototypical network (ProtoNet) samples support set and
query set from the base class Ctrain to form few-shot training
tasks to train the model F = fE . Note that there is no clas-
sifier fC in prototypical network training. Specifically, for
an N -way K-shot task, the N classes are sampled from the
base class data Ctrain to form an N -class classification task

t including a labeled support set S and a labeled query set Q.
For each query set sample xq , we calculate the probability
of whether class i occurs in it or not by (2). The model F
is trained to optimize the cross-entropy loss for the query set
samples. At test time, given the few-shot task sampled from
Ctest, we also use (2) to classify the novel class events.

Lproto = −
∑
(x,y)

N∑
i=1

yi log p(ŷi) + (1− yi) log(1− p(ŷi)) (3)

3.3. Unsupervised few-shot AEC

In our unsupervised few-shot AEC approach, we adopt un-
supervised representation learning method to learn the model
F = fE for mapping raw audio signals x into latent embed-
dings F (x). At test time, the latent embeddings F (x) are
then used to classify query samples into novel classes follow-
ing the procedure in (2). We utilize the vq-wav2vec along
with BERT model as our unsupervised representation learn-
ing method. The vq-wav2vec model [11] first turns the raw
audio signal into discrete indices (Section 3.3.1). These dis-
crete indices are in turn used as inputs to the BERT model to
obtain deep contextual representations (Section 3.3.2).

3.3.1. Vq-wav2vec

Wav2vec model takes raw audio signal x as input and ap-
plies two modules. The encoder network E encodes the audio
signal x into a sequence of signal embeddings {z}, and the
context network C combines multiple time-steps of the em-
bedding z to obtain contextualized representations {c}. Vq-
wav2vec model has the same E and C as wav2vec model,
albeit with a vector quantization module Q inserted between
E and C that turns the signal embedding {z} into discrete in-
dices and the quantized embedding {ẑ}. The context network
C then combines multiple time-steps of ẑ to obtain contextu-
alized representations {c}.

The vq-wav2vec model learns vector-quantized represen-
tations for raw audio signals by performing future signal pre-
diction task. We use zt to denote the embedding of the audio
signal at current time step, and zt+k is the embedding of au-
dio signal that is k steps into the future. The networks E,
Q, and C are optimized by minimizing the contrastive loss
of predicting whether a given sample embedding is a positive
sample zt+k or a negative sample z̃. z̃ is chosen uniformly
from other time instances of the same audio clip.

As shown in (4), given an audio signal at current time
step xt, the model first extracts the signal context ct. Then, it
applies an affine transformation layer hk to obtain the trans-
formed context hk(ct). The probability of predicting a posi-
tive example is calculated by zt+k ·hk(ct) and the probability
of predicting a negative sample is calculated by z̃·hk(ct). For
each time step k we have different affine transformation lay-
ers hk, and the loss function is summed up over different step



sizes k,Lwav2vec =
∑K

k=1 L
k
wav2vec. T denotes the sequence

length and λ is set to 10, indicating there are 10 negative sam-
ples for each positive sample.

Lkwav2vec = −
∑
t∈T

(log σ(zt+k · hk(ct)) +
∑
λ

log(σ(−z̃ · hk(ct))))

(4)

The vector quantization module Q turns the sequence of con-
tinuous embeddings {z} into a sequence of quantized vectors.
Each of the quantized vectors ẑ with indices w is selected
from a learnable codebook that contains W codeword vec-
tors of the same size as z. We utilize the Gumbel-softmax
method [13] to train Q. Note that both wav2vec and vq-
wav2vec models can be used to extract representations c for
few-shot testing, and are included as baselines in Section 5.1.

3.3.2. BERT

Once trained, the encoder network E and the quantization
module Q of vq-wav2vec model are used to transform in-
put audio x to a sequence of codebook indices {w}. These
discrete token sequences {w} are used as inputs to train
the BERT model. BERT [14] has a few transformer layers
that build a deep contextualized representation. Following
masked language modeling paradigm, some input tokens
are randomly masked out during training, and the model is
trained to predict the missing tokens. As it is too trivial for
the BERT model to predict a single missing token due to
smooth varying nature of input audios, we choose 5% tokens
to form the start indices of the masks, and mask 20 consecu-
tive tokens following [11]. Once the BERT model is trained,
we use it as model F = fE that maps the discrete audio token
sequences {w} into embedding space. We concatenate out-
puts of 3 transformer layers of the BERT model as the final
embeddings for few-shot evaluation. We use mean function
to aggregate the embeddings of different time steps.

3.4. Semi-supervised few-shot AEC

We further extend our model to a semi-supervised approach.
After we train the model fE using the unsupervised represen-
tation learning method described in Section 3.3, we append
a feed-forward layer fL on top of the model fE . With fE
fixed, we train the feed-forward layer fL using the labeled
training set of base classes Ctrain by the supervised pretrain-
ing approach (Section 3.1). Finally, we use F = {fE , fL}
as our final model to map the raw audio signals x into the la-
tent embeddings F (x) for few-shot evaluation, following the
procedure in (2).

4. EXPERIMENTAL SETUP

We use Audioset [15] comprising∼2M 10-sec audio clips for
our experiments. To evaluate the proposed unsupervised/semi-

supervised approaches, we utilize part of Audioset as unla-
beled and part as labeled data. In order to have a direct
comparison, the labeled portion of our data is exactly the
same as [2]. Briefly, the labeled data consists of 19.8k 10-sec
audio clips split into train, valid and test partitions (referred to
as ‘Original’ split in Table 2) with 99/21/22 non-overlapping
classes respectively. The unlabeled portion of our data con-
sists of randomly selected 1.6M audio clips from Audioset
without any overlaps with labeled portion. Following the
procedure in Section 3, we experiment on 5-way 1-shot
setting with K=1/K−=10, and 5-way 5-shot setting with
K=5/K−=50. For both settings, the query set is composed
of 15 positive samples and 150 negative samples for each
novel class. We sample 200 validation tasks and 200 test
tasks. We measure the Area Under Curve (AUC) for Receiver
Operating Characteristic (ROC), and report mean AUC over
200 few-shot test tasks along with 95% confidence interval.
Higher AUC is better.

All experiments are conducted using Tesla V100 GPUs
in Pytorch building upon Fairseq [16]. For the vq-wav2vec
model, we use a codebook with 2 groups and 320 codewords
per group, resulting in 640 logits. After training, we notice
that 20K unique tokens are utilized out of a total of 100K
codeword combinations. Tokenized audio clips are downsam-
pled by a factor of 2, leading to 500 tokens per sequence to
speedup BERT model training. For the BERT training, we
use RoBERTa [12] base model. The input sequence size is
set as 512. We train the model using 8 GPUs with batch size
of 16 per GPU. The gradient is accumulated once every 16
batches resulting in an effective batch size of 2048. For the
semi-supervised BERT model, we use a feed forward layer
fL to map the concatenated BERT embeddings from layers
7,8 and 9 (tuned using validation data) from size 2304 to 512.
The feed forward layer is trained using Adam optimizer with
learning rate 0.001 and batch size 32. We perform early stop-
ping based on AUC of validation set. The early stopping usu-
ally happens at around 5 epochs.

5. RESULTS

5.1. Main results

Table 1(a) shows the performance of proposed (unsuper-
vised and semi-supervised) and baseline (supervised) meth-
ods on test set. The baseline numbers are replicated from
[2]. We notice that unsupervised vq-wav2vec+BERT outper-
forms supervised pre-training by 0.9% and 1.8% in 1-shot
and 5-shot settings. Further, the proposed semi-supervised
vq-wav2vec+BERT approach outperforms the supervised
prototypical network approach by 1.3% and 0.9% for 1-shot
and 5-shot settings respectively. This shows that the model
learned in semi-supervised fashion can generalize well to
unseen classes. It is interesting to note that the feed forward
layer used in semi-supervised vq-wav2vec+BERT has no



Table 1. Few-shot evaluation results. We report average AUC (%) with 95% confidence interval. Higher is better.
(a) Original. (b) Domain mismatch.

Model 1-shot 5-shot

Supervised
Pre-training (spectrogram) [2] 77.0 85.8
ProtoNet (spectrogram) [2] 83.3 91.2
Pre-training (waveform) 74.1 83.5
ProtoNet (waveform) 72.3 82.1

Unsupervised
Wav2vec 74.7 ± 0.764 83.2 ± 0.454
Vq-wav2vec 69.6 ± 0.771 78.6 ± 0.531
+BERT 77.9 ± 0.760 87.6 ± 0.427

Semi-supervised
Wav2vec 80.7 ± 0.742 88.2 ± 0.368
Vq-wav2vec 76.8 ± 0.729 85.0 ± 0.422
+BERT 84.6 ± 0.736 92.1 ± 0.311

1-shot 5-shot
Model Music Animal Music Animal

Supervised
Pre-training [2] 70.9 61.3 79.8 69.5
ProtoNet [2] 71.2 64.4 82.4 74.9

Unsupervised
Wav2vec 66.7 ± 0.869 62.3 ± 0.901 76.0 ± 0.656 70.4 ± 0.686
Vq-wav2vec 63.3 ± 0.871 59.5 ± 0.808 70.5 ± 0.691 66.5 ± 0.635
+BERT 73.2 ± 0.918 65.9 ± 0.887 84.3 ± 0.575 75.7 ± 0.669

Semi-supervised
Wav2vec 70.4 ± 0.918 65.1 ± 0.892 80.7 ± 0.643 74.4 ± 0.652
Vq-wav2vec 66.3 ± 0.908 62.3 ± 0.872 75.8 ± 0.658 70.3 ± 0.695
+BERT 73.7 ± 0.953 68.5 ± 0.883 85.3 ± 0.588 78.8 ± 0.629

non-linearity i.e., the representation space of semi-supervised
vq-wav2vec+BERT is a simple linear transformation of repre-
sentation space learned in unsupervised vq-wav2vec+BERT.
This suggests that representations learned in unsupervised
fashion are already good enough for disentangling unseen
audio events.

We note that our models use waveforms as inputs and
wav2vec architecture, whereas baselines [2] use mel spectro-
grams as inputs and 4-layer CNN architecture. We have repli-
cated supervised baselines using waveforms as inputs and
wav2vec as model architecture, and the results show poorer
performance compared to original input and model architec-
ture configuration in Table 1(a). Therefore, we hypothesize
that the performance gain of our model is not simply due to
the difference of inputs.

We also present the results for wav2vec and vq-wav2vec
representations in both unsupervised and semi-supervised set-
tings (Table 1(a)). In both cases, we notice that vector quan-
tization hurts the performance of wav2vec. However, it pro-
vides a way to employ BERT masked language model training
which increases the overall performance considerably.

5.2. Domain mismatch

We evaluate the robustness of our model if there is a do-
main mismatch occurs at test time. Note that few-shot set-
ting does not assume the knowledge of test classes at training
time and thus one cannot preclude the possibility of a novel
test class being out of domain. Here, we compare the pro-
posed method to baselines in such a potential domain mis-
match scenario. We experiment with music and animal as
target domains. With music as an example, we remove events
related to music from the original labeled train and valid sets,
and use all the events related to music as test set (Table 2).

The performance of all methods drop because of the
mismatch (Table 1(b)), however, we notice that the proposed
methods are more robust compared to baselines. Our unsuper-
vised vq-wav2vec+BERT model outperforms the prototypical
network by 2.0% and 1.9% for 1-shot and 5-shot settings on

Table 2. Dataset splits.
Original Music Animal

Train 99 77 87
Valid 21 16 19
Test 22 32 15

music setting, and 1.5% and 0.8% on animal setting. We hy-
pothesize that the unsupervised model performs better under
domain mismatch settings because it is trained with a larger
set of unlabeled data instead of a limited set of labeled data
in the source domain. Specifically, the unsupervised model
performs better for the music setting. A possible reason is
that the unlabeled training set contains ≈1M audio samples
related to music while only 40K are related to animal, so the
model learns better representations for the music domain.

The semi-supervised vq-wav2vec+BERT model outper-
forms the prototypical network by 2.5% and 2.9% respec-
tively for 1-shot and 5-shot settings on music setting, and
4.1% and 3.9% on animal setting. Comparing the unsuper-
vised and semi-supervised models, we observe a 0.5% and
1.0% improvement for 1-shot and 5-shot settings on music
setting, and a 2.6% and 3.1% improvement on animal set-
ting. We notice that the semi-supervised model does better on
animal setting, which means the performance gain brought by
the labeled training set is larger for the animal setting. We hy-
pothesize that this could be related to the difference in the size
of labeled training set (Table 2) used on music (77 classes)
and animal settings (87 classes).

6. CONCLUSION

We studied unsupervised and semi-supervised approaches
for few-shot AEC. Building upon the recent advances in
sequence modeling for speech and language, we find that rep-
resentations learned in semi-supervised fashion outperform
the existing meta-learning approaches when used for few-
shot AEC, and the performance gain is larger under domain
mismatch.
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