
GENERALIZED ZERO-SHOT AUDIO-TO-INTENT CLASSIFICATION

Veera Raghavendra Elluru, Devang Kulshreshtha, Rohit Paturi, Sravan Bodapati, Srikanth Ronanki

AWS AI Labs
{veerare, kulshrde, paturi, sravanb, ronanks}@amazon.com

ABSTRACT
Spoken language understanding systems using audio-only

data are gaining popularity, yet their ability to handle unseen
intents remains limited. In this study, we propose a general-
ized zero-shot audio-to-intent classification framework with
only a few sample text sentences per intent. To achieve this,
we first train a supervised audio-to-intent classifier by mak-
ing use of a self-supervised pre-trained model. We then lever-
age a neural audio synthesizer to create audio embeddings
for sample text utterances and perform generalized zero-shot
classification on unseen intents using cosine similarity. We
also propose a multimodal training strategy that incorporates
lexical information into the audio representation to improve
zero-shot performance. Our multimodal training approach
improves the accuracy of zero-shot intent classification on un-
seen intents of SLURP by 2.75% and 18.2% for the SLURP
and internal goal-oriented dialog datasets, respectively, com-
pared to audio-only training.

Index Terms— audio-to-intent classification, zero-shot,
multimodal, teacher-student learning.

1. INTRODUCTION
The use of audio-based systems such as virtual assistants and
voice-controlled devices [1, 2], has dramatically increased in
popularity over the past few years. The effectiveness of these
systems largely depends on their ability to accurately decipher
a speaker’s intent to provide suitable responses and execute
requested actions. Audio-to-intent classification, an essential
part of these systems, involves categorizing audio utterances
into predetermined intent categories, allowing audio systems
to perform specific tasks more efficiently.

Some approaches have been proposed in the past to per-
form audio-to-intent classification [3, 4, 5]. However, they
require large amounts of data, typically in the order of sev-
eral thousands of utterances, limiting their applicability in the
real world. Pre-trained self-supervised learning (SSL) meth-
ods using Transformer architecture [6] such as HuBERT [7]
and Wav2Vec [8] have shown promising results in various
speech-related tasks such as Automatic Speech Recognition
[7], Emotion Recognition [9], and Speech Translation [10]
with minimal amount of training data for each task. However,
their exploration of audio-to-intent classification remains lim-
ited [11, 12].

Moreover, spoken language understanding systems that
perform audio-to-intent classification [13, 14] assume a fixed
set of intent classes during both training and inference. This
constraint restricts their applicability in real-world scenarios.
Zero-shot Learning [15] can be leveraged for audio-to-intent
classification to bridge this limitation. However, despite many
works on zero-shot classification in computer vision [16, 17,
18, 19], a limited amount of works exist in the audio pro-
cessing field. Prior works such as [20, 21] typically propose
learning a compatibility function to map audio and class la-
bel text in the same embedding space during training, while
projecting audio into text space allows classification of audio
samples into unseen classes using their textual representations
during inference. Another work by [22] follows a similar ap-
proach, but additionally proposes a two-way classifier based
on a threshold-based decision algorithm to identify if the au-
dio belongs to seen or unseen classes. We also note that the
above methods are not specifically for intent classification but
general audio classification.

The problem of zero-shot classification can be further
generalized to predict both seen and unseen intents from the
training set. This is often the case in a conversational AI bot
system where the full list of intents is not available during
training. This scenario is referred to as Generalized Zero-shot
Classification (GZSC) [23]. While considerable research has
been conducted on GZSC models for textual and image clas-
sification [24, 25], there has been a lack of exploration in the
realm of audio-based intent classification.

Previous approaches [13, 14] make use of audio-only data
for audio-to-intent classification. Various audio classifica-
tion tasks, such as emotion recognition, have been shown to
benefit from multimodal data. For example, a multimodal
teacher-student fusion model is proposed in [9] for improv-
ing audio-based emotion recognition. Similarly, [26] learns a
multimodal speech-text embedding space and uses it for zero-
shot audio classification. Inspired by this, we hypothesize that
multimodal data can benefit the audio-to-intent classification
task as well using audio encoders [7, 8] and pre-trained lan-
guage models [27, 28]. Additionally, in the context of conver-
sational AI bots, the system is equipped with a set of text sen-
tences provided by the bot developer. These sentences serve
as representative examples of each intent that the system can
predict. We believe such sentences, if utilized properly, have
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the potential to achieve generalized zero-shot audio-to-intent
classification. We summarize our contributions as follows:

1. We propose a multimodal learning approach for si-
multaneous training of audio and text encoders using
a contrastive loss [29] to align both modalities and a
cross-entropy loss for intent classification.

2. We explore conditional teacher-student learning ap-
proach where the student model mimics the multimodal
audio-text representations to improve audio-based in-
tent classifier.

3. We introduce generalized zero-shot audio-to-intent
classification leveraging a fine-tuned audio encoder
from a pre-trained self-supervised model and neural
audio synthesizer to create audio embeddings.

2. SUPERVISED AUDIO-TO-INTENT
CLASSIFICATION

In this section, we propose to leverage multimodal audio-to-
intent classification model to inject lexical information into
an audio-based intent classifier. The multimodal classification
problem can be more formally introduced as follows: let A “

ta1, a2, .., aNu be the set of N audio files, T “ tt1, t2, .., tNu

be the set of text transcripts (paired), and Y “ ty1, y2, .., yNu

be the corresponding output intent labels, such that yi P S. S
defines the set of unique intents seen at training time. We can
then define a dataset D “ tai, ti, yiu

N
i“1, where N denotes

number of examples in a batch. We use a dataset D to train a
model f , such that fpai, tiq “ yi for some i.

We describe our methods and proposed approaches in the
following subsections, where we leverage pre-trained, self-
supervised models to extract audio and text representations,
which we use to classify speaker’s intent using an end-to-end
approach.

2.1. Multimodal learning

Figure 1(a) shows the network architecture of our multimodal
model. We use HuBERT [7] as an audio encoder, with which
we extract frame-level features from all the utterances in A.
We then average the features across each utterance over time
and represent them as sHa. We then project sHa onto a lower
dimension using linear layer, which we denote as Ea:

Ea “ W a ˚ sHa ` ba, (1)

where W a and ba denote the weight matrices and bias of the
linear layer, respectively.

We also use BERT [27] as a text encoder, and we convert
all the text transcripts in T into a sequence of hidden represen-
tations. We average the representations across each transcript
over time and represent the result as sHt. We then project sHt

Fig. 1. Architecture of supervised audio-to-intent classifica-
tion: (a) Multimodal learning using audio and text modalities.
(b) Intent classification with audio only modality.
onto a lower dimension using a linear layer, which we denote
as Et:

Et “ W t ˚ ĎHt ` bt, (2)

where W t and bt denote the weight matrices and bias of the
linear layer, respectively.

2.1.1. Intent classification

As shown in figure 1(a), the joint embeddings Eat are ob-
tained by concatenating audio representations and text repre-
sentations followed by a feed forward layer with ReLu ac-
tivation function. These joint embeddings are then passed
through a softmax layer to predict the final output Ŷ :

Eat “ ReLupW atpEa ‘ Etq ` batq, (3)

Ŷ “ SoftmaxpW y ˚ Eat ` byq, (4)

where W at,W y, bat, by denote weight matrices and bias of
the concatenation and classification layer, respectively. The
model is optimized using cross entropy loss:

LIC “ ´
1

N

N
ÿ

j“1

S
ÿ

i“1

yij logpŷijq, (5)

where N is the number of samples in a batch, S is the num-
ber of target classes, yij is the ground truth label for the jth

sample and ith class, and ŷij is the predicted probability for
the jth sample and ith class.

2.1.2. Learning a multimodal space

Drawing inspiration from [29, 30], we adopt a joint training
approach where we simultaneously train audio and text en-
coders to acquire a shared multimodal space using contrastive



loss. From Eq. 1 and Eq. 2, the audio (Ea P RNˆd) and text
(Et P RNˆd) representations are in the same dimension. We
can compare their similarity as:

C “ τ ˚ pEa ¨ ET
t q,

where τ is a temperature parameter and the similarity matrix
C has N correct pairs in the diagonal and N2 ´ N incorrect
pairs in the off-diagonal.

The model undergoes training utilizing the contrastive
loss [29] paradigm between the audio and text embeddings in
pair, following the same loss function in [31]:

LCL “ 0.5 ˚ plaudiopCq ` ltextpCqq, (6)

where lk “ CrossEntropypCq along the text and audio axis,
respectively. This leads to the total loss:

LMM “
1

2
pLIC ` LCLq (7)

The process of multimodal learning involves training by back-
propagating the loss exclusively through the HuBERT model,
while keeping the weights of the BERT model fixed. This
progressive approach aims to converge the audio embeddings
towards the space defined by the text encoder, ultimately lead-
ing to the creation of a shared representation space.
2.2. Teacher-student learning
In Section 2.1, we anticipate receiving pairs of audio and
text inputs. However, during inference, we lack access to
both modalities. Our goal is to predict intent when provided
with an audio input. As depicted in Figure 1(b), we exclu-
sively train a model with audio data only. To incorporate lex-
ical information from the joint model, we employ conditional
teacher-student learning. This approach leverages transfer
learning, where a student model learns to emulate the output
distribution of a teacher’s model.

The student model is trained using audio data only. The
HuBERT model takes in audio signals as input and extracts
features at the frame level. We then compute the mean of the
frame level features and pass it through a linear layer followed
by a feed forward layer with ReLu activation function to ob-
tain utterance level audio representation Es. We then pass Es

through a prediction layer that predicts the intent of the au-
dio. The cross entropy loss computed over predicted intent
logits and ground truth pLIntentq is used as a loss function
for backpropagation.

By employing transfer learning, we train an audio based
intent classification model to generate audio embeddings
that closely resemble the joint embedding obtained from the
multimodal model. This is achieved by minimizing ℓ2 norm
squared between the two embeddings:

LStudent “ }Eat ´ Es}22. (8)

The overall training objective of the teacher-student model is
then defined as the following weighted combination of the

cross entropy loss and the ℓ2 norm squared:

LTotal “ LIntent ` γ ˚ LStudent. (9)

3. GENERALIZED ZERO-SHOT AUDIO-TO-INTENT
CLASSIFICATION

Fig. 2. Generalized zero-shot intent classification utilizing
bot text sentences and neural audio synthesizer.

Within a conversational AI bot system, the bot developer
provides sample text sentences along with their corresponding
intent labels. However, the corresponding audio samples are
not provided. It is possible that the intents presented by the
bot developer may not align with the intent set used during our
training. Consequently, our objective is to predict the intent of
an audio utterance that could be either present in the training
set or remain unseen during the training process.

3.1. Pre-computation of audio embeddings

To review the generalized zero-shot audio-to-intent classifi-
cation, we denote U “ tu1, u2, .., uMu be the set of M text
sentences, V “ tv1, v2, .., vMu be the corresponding intent
labels, such that vi P W , provided by the bot developer. W
defines the set of unique intents present in the bot definition.
Audio embeddings are created by generating an audio file for
each text sentence in U using neural audio synthesizer [32] as
shown in Figure 2. Next, we pass each audio file through the
HuBERT model and extract frame-level features, followed by
average pooling. We associate each audio embedding with its
corresponding intent label. This step is conducted only once
as an offline process, and all the embeddings are stored in the
“audio embeddings” database.



3.2. Inference
Given a test audio file Z, we pass it through the HuBERT
model, followed by average pooling. We then compute the
cosine similarity between the test audio embeddings and each
audio embedding from the embedding database. This simi-
larity calculation helps us determine how closely each audio
embedding in the embedding database aligns with the test au-
dio. We identify the utterance in the embedding database that
has the highest similarity score to the test audio embedding.
We then use the intent label associated with this utterance as
the final intent.

4. EXPERIMENTS
4.1. Datasets
Our proposed intent classification approach is trained and
evaluated using various datasets, including publicly available
SLURP [33] dataset, as well as audio classification datasets
such as AudioMNIST [34], TIMIT [35], and Speech Com-
mands [36].

To evaluate zero-shot intent classification, we partition the
SLURP dataset, which we refer to as SLURP-Full, into two
subsets: SLURP-Seen, which includes 57 intents for the train-
ing phase, and SLURP-Unseen, which comprises the remain-
ing unseen 12 intents for the zero-shot evaluation. Addition-
ally, we create another subset, SLURP-mix, consisting of a
mix of seen and unseen intents for the generalized zero-shot
intent classification task. The SLURP-mix subset consists of
18 intents, of which 12 intents are from SLURP-Unseen and
6 intents are from SLURP-Seen.

Furthermore, to assess the robustness and generalization
capabilities of our modeling strategy, we train the teacher and
student models on an internal goal-oriented dialog dataset.
This dataset consists of 88 hours of audio data and consists
of 90 intents from following domains: “Airline”, “FastFood”,
“Finance”, “Health-care”, “Insurance”, “MediaInternetTele-
com”, “Travel”, “Retail”, “General”. Statistics about train,
development and test splits for SLURP and internal intent
datasets are provided in Table 1.

Table 1. Datasets used for supervised and zero-shot intent
classification

Name No.Of. Train Dev. Test
Intents

Slurp-Full 69 119880 8690 13078
SLURP-Seen 57 111835 7859 12025

SLURP-Unseen 12 8045 832 1053
SLURP-Mix 18 10854 1120 1589

Internal 90 57484 7219 7244

4.2. Models

4.2.1. Baseline models
In our research, we benchmark supervised intent classifica-
tion task using BERT-CTC model [14], which predicts intent

along with ASR by prepending an intent label to the corre-
sponding output sequence. We also evaluate with partially
fine-tuned HuBERT model [13], PF-hbt-large, where GRU
based decoder is added to decode intent directly from the fine-
tuned HuBERT embeddings. For generalized zero-shot intent
classification, we consider HuBERT-Frozen as our baseline
model. For zero-shot audio classification tasks, we evaluate
our model against the semantically aligned speech-text em-
bedding model as the baseline [26].

4.2.2. Multimodal teacher model
The teacher model represents the audio modality with a Hu-
BERT (hubert large ll60k) [7] model, the average-pooled au-
dio embeddings of which are projected using a feed forward
layer with an output size of 128. Similarly, the text modality
is represented using a BERT-base model, the average-pooled
embeddings of which are then projected to a 128-dimensional
space using a feed forward layer. The multimodal embed-
dings, obtained by concatenating the audio and text embed-
dings, are further transformed using a feed forward layer into
a 128-dimensional space. Finally, these embeddings are pro-
jected to the known dimension of intent space using a softmax
layer. We use a dropout of 0.2 and 0.3 for training the uni-
modal projection layers and multimodal feed forward layer,
respectively. Our models are trained using Adam optimizer
with an initial learning rate set to 0.0001 and a ReduceLROn-
Plateau learning rate scheduler. The τ for computing the sim-
ilarity of audio and text embeddings is set to 0.007. We fine-
tune only the top 6 layers of the HuBERT transformer block.
This is because top layers are responsible for capturing lan-
guage and domain-specific information, while the lower lay-
ers capture acoustic information [37]. The BERT model, on
the other hand, is frozen.

4.2.3. Student model
Similar to the teacher model, the student model represents the
audio modality with a HuBERT model, the average-pooled
audio embeddings of which are projected using a feed for-
ward layer with an output size of 128. These projected au-
dio embeddings are further transformed using a feed forward
layer and ReLu activation function with an output size of 128,
which is projected into the known dimension of intent space
using a softmax layer. The student model doesn’t model any
text modality and is trained to minimize the distance between
its audio-based embeddings with teacher model’s multimodal
embeddings as described in Section 2.2. The γ for minimiz-
ing the distance between joint embedding representation and
audio-only embedding representation is set to 10. Student
model also fine-tunes top 6 layers of the HuBERT transformer
block.

5. RESULTS AND DISCUSSION

5.1. Supervised Intent Classification

Although the primary focus of this study is zero-shot intent
classification, we begin by evaluating the performance of a



Table 2. Supervised Intent Classification accuracy on
SLURP-Full and SLURP-Seen datasets. Top-6: Top 6 lay-
ers of HuBERT transformer block are fine-tuned. All: All
layers of HuBERT transformer block are fine-tuned.

Model
SLURP

Full Seen

Top-6 All

BERT-CTC [14] 87.0 - -
PF-hbt-large [13] - 89.22 -

Audio-only 85.43 89.73 84.79
MM 90.20 90.33 91.22

MM-CL 90.77 90.14 91.89
Stu-MM 86.26 90.43 86.88

Stu-MM-CL 87.21 89.49 87.46

multimodal (MM) teacher model and its student counterparts
in a supervised intent classification task on the SLURP-Full
and SLURP-Seen datasets. We have trained a total of five
models and each model is described below.

• Audio-only: Model trained using audio-only modality
without any guidance from the teacher model.

• MM: Model trained using audio and text modalities.
• MM-CL: Model trained using audio and text modali-

ties with additional contrastive loss.
• Stu-MM: Model trained using audio-only modality

with guidance from the MM teacher.
• Stu-MM-CL: Model trained using audio-only modal-

ity with guidance from the MM-CL teacher.

The results of these evaluations are presented in Table 2.
MM and MM-CL models can not be used during inference as
we don’t have access to the transcript of the audio file. Per-
formance of these models will guide as an upper bound for
most of the student and audio-only models. It can be seen that
student models (Stu-MM, Stu-MM-CL) outperform baseline
BERT-CTC (with K=1) model and audio-only model. The re-
sults suggest that student models that are infused with lexical
information and trained with contrastive loss are better able to
understand the meaning of words, phrases, and the context of
an utterance. This improved understanding could help them to
perform better on intent classification. To compare our results
to those in [13], we also fine-tune all layers of the HuBERT
transformer block on the SLURP-Full dataset, as noted in the
“All” column. It can be seen that all of our models outperform
PF-hbt-large [13] model.

5.2. Generalized Zero-Shot Intent Classification

We evaluate zero-shot intent classification by generating au-
dio embeddings from SLURP-Unseen and SLURP-Mix train-
ing sentences, as described in Section 3.1. We then evaluate
on the SLURP-Unseen and SLURP-Mix test datasets as ex-
plained in Section 3.2. We compare four variants of HuBERT

Table 3. Zero-shot Intent classification accuracy on SLURP-
Unseen and SLURP-Mix datasets using models trained on
SLURP-Seen and Internal intent datasets

Model Model Name SLURP
trained on Unseen Mix

HuB-Frozen 20.79 24.29

SLURP-Seen
HuB-FT-AO 85.38 87.48
HuB-FT-MM 87.85 88.86

HuB-FT-MM-CL 88.13 88.36

Internal
HuB-FT-AO 28.11 28.13
HuB-FT-MM 44.25 42.86

HuB-FT-MM-CL 46.34 45.5

Table 4. Evaluation of zero-shot intent classification accuracy
on AudioMNIST(AM), Speech Commands (SC) and TIMIT

Model AM SC TIMIT

Baseline [26] 15.88 14.27 67.14
HuB-Frozen 32.06 25.56 52.86
HuB-FT-AO 16.69 45.87 100
HuB-FT-MM 26.92 51.26 100

HuB-FT-MM-CL 29.16 46.85 100

models for this task, which are described below. The results
are presented in Table 3.

• HuB-Frozen: Pre-trained HuBERT model from Hug-
gingFace [38]

• HuB-FT-AO: HuBERT model fine-tuned in “Audio-
only” model

• HuB-FT-MM: HuBERT model fine-tuned in Stu-MM
model

• HuB-FT-MM-CL: HuBERT model fine-tuned in Stu-
MM-CL model

Our analysis indicates that the fine-tuned HuBERT mod-
els exhibit a significant performance improvement over the
frozen HuBERT model. Furthermore, the student models,
HuB-FT-MM and HuB-FT-MM-CL trained using knowledge
distillation from the corresponding teacher models outper-
form the HuB-FT-AO model. This clearly indicates that the
lexical infusion and contrastive loss in the teacher model
leads to performance improvement.

Table 3 shows that student models trained using teacher-
student learning on the mismatched Internal dataset signifi-
cantly outperform the HuB-Frozen and HuB-FT-AO models.
This demonstrates that our training strategy still achieves
superior generalization even when trained on mismatched
datasets. However, the performance gap between the models
trained on SLURP-Seen and Internal datasets emphasizes the
importance of training and fine-tuning the models on a repre-
sentative dataset encompassing different audio and semantic
characteristics to achieve generalization.



5.3. Zero-Shot Audio Classification

Given that the audio-based models can be applied to zero-shot
audio classification using the generalized zero-shot frame-
work introduced in Section 3, we proceed to assess and com-
pare these models on TIMIT, AudioMNIST and Speech Com-
mands datasets. We created audio embeddings by synthesiz-
ing 10 random SX sentences from TIMIT’s Test set, digits 0-9
for AudioMNIST, 10 auxiliary words (“Bed”, “Bird”, “Cat”,
“Dog”, “Happy”, “House”, “Marvin”, “Sheila”, “Tree”, and
“Wow”) for Speech Commands. Test sets are used as de-
scribed in [26]. We then evaluated respective test datasets as
discussed in Section 3.2. The results of this evaluation are
shown in Table 4. Notably, HuB-FT-MM and HuB-FT-MM-
CL models demonstrate significant improvement over the
baseline models and HuB-FT-AO. The HuB-Frozen model
outperforms all other models on the AudioMNIST dataset,
potentially due to its exposure to a substantial number of spo-
ken digits during training. We would like to emphasize that
our models achieved accuracy of 100% on the TIMIT dataset.
This performance can be attributed to the fact that the linguis-
tic content of the test audio embedding and corresponding
audio embeddings in the database are identical.

6. ABLATION STUDY

Validating output from different layers: We conduct an
analysis to understand the behaviour when output from the
projection layer or feed forward layer is used to calculate the
similarity between test audio embedding and each audio em-
beddings in the embedding database. In Table 5, we present
a comparison of the results obtained from these different lay-
ers. Our findings reveal an interesting pattern: as the data
progresses through the higher layers of the model, it tends
to learn task-specific features, leading to a significant drop in
accuracy.

Table 5. Zero-shot intent classification using embeddings
from Average Pooling layer, projection layer and feed for-
ward (FF) layer.

Model Average Projection FF layerPooling Layer

HuB-FT-AO 85.37 70.56 65.432
HuB-FT-MM 87.85 76.73 70.84

HuB-FT-MM-CL 88.12 75.499 69.136

Training audio-only model with synthesized data: We de-
velop an audio-only intent classification model by training
it on neural audio synthesizer generated audio files using
the SLURP-Unseen training and development datasets. The
model’s architecture remains consistent with the one de-
scribed in section 4.2.3. This model achieves an accuracy
of 88.41% when evaluated on the SLURP-Unseen test data.
This result is very close to SLURP-Seen HuB-FT-MM-CL
accuracy on SLURP-Unseen test data in the zero-shot intent
classification results in Table 3.

Zero-shot performance on different sample sizes: Table 3
demonstrates significantly improved performance when the
number of text sentences are in thousands (8045 for SLURP-
Unseen). However, it is important to note that in practical
scenarios, bot developers may not have access to such an ex-
tensive data. Consequently, we conduct an analysis to investi-
gate the performance of our models using few text sentences
from each intent, aiming to provide insights into their behav-
ior under more realistic conditions.

We choose 10 to 200 random sentences for each intent
from the SLURP-Unseen training set and converted them into
audio embeddings as described in Section 3.1 and evaluated
on SLURP-Unseen test set with HuB-FT-MM-CL model.
We repeated this experiment 10 times to understand how the
model’s performance varies with different sets of sentences.
Figure 3 shows the model’s accuracy at different numbers of
text sentences per intent. The variation in accuracy is high
when the number of sentences per intent is between 10 to 40.
Although all models still achieve reasonable accuracy with
10 sentences per intent, the ideal number of sentences per
intent is 30, as shown in the graph.

Fig. 3. Accuracy of zero-shot intent classification as size of
the text sentences per intent changes

7. CONCLUSION
In this work, we propose training a multimodal model using
audio and text modalities and contrastive loss. This model
is further used to guide a student model by leveraging trans-
fer learning, which captures the distribution of the joint em-
bedding representation. Our results show that student mod-
els achieve higher accuracy than state-of-the-art and audio-
only audio-to-intent classifiers. We have reported that gener-
alized zero-shot audio-to-intent classification achieves 2.75%
and 18.2% on unseen intents of SLURP using SLURP seen
and internal goal-oriented dialog datasets, respectively. For
future work, we aim to investigate the clustering of audio em-
beddings in zero-shot classification and reducing computation
overhead during inference.
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[34] Sören Becker, Marcel Ackermann, Sebastian La-
puschkin, Klaus-Robert Müller, and Wojciech Samek,
“Interpreting and Explaining Deep Neural Networks
for Classification of Audio Signals,” arXiv preprint
arXiv:1807.03418, 2018.

[35] John S Garofolo, “TIMIT Acoustic-Phonetic Continu-
ous Speech Corpus,” Linguistic Data Consortium, 1993,
1993.

[36] Pete Warden, “Speech Commands: A Dataset
for Limited-Vocabulary Speech Recognition,” arXiv
preprint arXiv:1804.03209, 2018.

[37] Pratik Kumar, Vrunda N Sukhadia, and S Umesh, “In-
vestigation of Robustness of Hubert Features from Dif-
ferent Layers to Domain, Accent and Language Varia-
tions,” in Proc. ICASSP, 2022, pp. 6887–6891.

[38] Hugging Face, “Hubert-Large,” https:
//huggingface.co/facebook/
hubert-large-ll60k [Accessed: (6th Octo-
ber 2023)].


