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Abstract
The spoken language understanding (SLU) plays an essential
role in the field of human-computer interaction. Most of the
current SLU systems are cascade systems of automatic speech
recognition (ASR) and natural language understanding (NLU).
Error propagation and scarcity of annotated speech data are
two common difficulties for resource-poor languages. To solve
them, we propose a simple but effective end-to-end cross-
lingual spoken language understanding model based on XLSR-
53, which is a pretrained model in 53 languages by the Face-
book research team. The end-to-end approach avoids error
propagation and the multilingual pretraining reduces data an-
notation requirements. Our proposed method achieves 99.71%
on the Fluent Speech Commands (FSC) English database and
79.89% on the CATSLU-MAP Chinese database, in intent clas-
sification accuracy. To the best of our knowledge, the former is
the reported best result on the FSC database.
Index Terms: end-to-end, spoken language understanding,
multilingual pretraining, cross-lingual transfer learning

1. Introduction
Spoken language understanding (SLU) is an important part of
Human-Computer dialog systems [1]. For example, I say to
the machine “Turn the kitchen lights on”. This sentence can
be parsed into {action:“activate”, object:“lights”, location:
“kitchen”}. The machine uses these slot values to match in-
structions and make responses to people.

Machines are better at analyzing fixed commands and sym-
bols. Compared with text, the speech signal is complex and
variable. Hence current SLU systems generally convert speech
to text through automatic speech recognition (ASR), and then
use text-based natural language understanding (NLU) technol-
ogy for intent detection and slot filling [2, 3]. The pipeline will
pass the ASR recognition error into the following NLU sub-
task. And using text for intent detection will lose the speaker’s
tone and emotional information [4, 5].

In the real world, we often encounter the situation where
it is difficult to collect enough speech for low-resource lan-
guages. As transcribing and annotating the speech is expen-
sive and time-consuming, the lack of annotated data for the tar-
get language can’t allow us to get an effective ASR model [6].
The cross-lingual transfer learning of SLU has been paid a
lot of attention [7, 8, 9, 10]. The typical approach is to train
a model on available high-resource languages and then fine-
tune the model on the low-resource languages aiming at the
SLU task [7, 8, 9, 10]. With cross-lingual pretraining has been
verified effective, models can jointly learn the latent semantic
information shared across languages [11, 12, 13]. These re-
leased cross-lingual pretraining models boost researches in low-
resource speech understanding.

Recently, Conneau et al. [13] released model (XLSR-53)
which learns cross-lingual speech representations in 53 lan-
guages. The model has achieved amazing results on the ASR
task. In this paper, we propose a two-part model for the SLU
task. One is XLSR-53 used to extract multilingual univer-
sal semantic information, and the other is the intent classifica-
tion module, which classifies the extracted information for in-
tents. This model achieves a accuracy of 99.71% on the English
dataset FSC. To the best of our knowledge, this is the highest
accuracy on FSC. Then the model is transferred to the Chinese
SLU task and also get better performance than baseline. We ex-
plore several ways of fine-tuning XLSR-53 to enhance its per-
formance on intent classification task and give some effective
suggestions based on the experimental results for reference.

The main contributions of this paper are as follows:

• We conduct a wealth of experiments to investigate differ-
ent of fine-tuning methods of XLSR-53 on intent classi-
fication.

• We propose a model that is effective on both Chinese and
English SLU databases.

2. Related Work
Qian et al. [14] developed an ASR-free end-to-end SLU mod-
ule for a dialog application. Serdyuk et al. [15] and Chen et
al. [16] also discussed SLU tasks without ASR deeply. Achiev-
ing high accuracy with these models needs a large amount of
labeled training data. To avoid the hassle of collecting data, Lu-
gosch et al. [4] proposed a pretraining strategy that the model
is trained to predict words and phonemes firstly, and then us-
ing this model to classify intention. Their system achieves high
accuracy even using a 10% subset of the training data. And
they released an open-source SLU dataset, Fluent Speech Com-
mands. Lugosch et al. [5] proposed using speech synthesis
to generate a large synthetic training dataset for relieving the
influence of less data. Radfar et al. [17] introduced a neural
transformer-based approach for SLU.

The bottleneck (BN) features are extracted from a narrow
layer of the neural network and encoded the phonetic informa-
tion in a nonlinearly compressed form. Fér et al. [11] used mul-
tilingual training to generate the latent universal features. Com-
paring with monolingual BN features, using multilingual BN
features have better performance on the task of spoken language
recognition. Silnova et al. [12] released the BUT/Phonexia bot-
tleneck feature extractor. It is a Python toolkit that allowing
to extract of BN features or phoneme classes posterior proba-
bilities from a given audio signal. The package provides three
neural networks. Two of them are trained on labeled Fisher En-
glish which contains approximately 2k hours speech of English.
The third network BabelMulti is trained on 17 languages from
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the IARPA Babel program. The BUT/Phonexia bottleneck fea-
ture extractor helps researchers who do not have enough speech
data with their phonetic studies.

With Bidirectional Encoder Representations from Trans-
formers (BERT) [18] has been particularly successful for natu-
ral language processing, the framework named wav2vec 2.0, for
self-supervised learning of speech representations is proposed
by Baevski et al. [19]. The biggest difference between wav2vec
2.0 with the pretraining models mentioned above is that the
self-supervised learning of wav2vec 2.0 needs unlabeled speech
data. Unlabeled speech is much easier to collect than labeled.
With the transformer’s powerful parallelizable capability [20],
wav2vec 2.0 can train a large amount of speech data simulta-
neously. Conneau et al. [13] tried to learn cross-lingual speech
representations (XLSR) by extending wav2vec 2.0. Just like
BERT, the waveform of the audio are fed to a cascade system of
a multi-layer convolutional neural network (CNN) and a large
Transformer network to build universal language representa-
tions. XLSR-53 has 7 CNN layers and 24 transformer blocks,
model dimension 1024, inner dimension 4096 and 16 attention
heads. It trained on 56k hours of speech data in 53 languages.
In multilingual ASR tasks, the XLSR-53 system fine-tuning on
labeled data greatly reduces the error rate and achieves state-of-
the-art results. They released XLSR-53 publicly.

3. Proposed Method
The proposed method in this paper is using XLSR-53 to extract
latent universal features across multiple languages and then us-
ing an intent module to classify intentions. As shown in Fig-
ure 1, input is speech signal. As a universal features extractor,
XLSR-53 mainly consists of two parts, stacked convolutional
neural networks (SCNNs) and stacked transformers. The SC-
NNs f : X 7→ Z map raw audio X(B,L) to latent speech rep-
resentations Z(B,T,F1), where B is batch size, L is lengths of a
raw audio, T is the number of frames, F1 is the dimension of
the feature in latent speech representations space. The stacked
transformers g : Z 7→ C map Z(B,T,F1) to context representa-
tions C(B,T,F2), where F2 is dimension of the feature in context
representations space. Our downstream task is to classify inten-
tions. The (action, object, location) forms a triad. For example,
(“activate”, “lights”, “kitchen”) is a single label. There are 31
and 15 distinct labels in FSC and CATSLU-MAP, respectively.
The context representation C(B,T,F2) are fed to intent module
h : C 7→ Y to get the classification results Y(B,N), where N is
number of labels. Since slot filling needs time information, we
adopt a gated recurrent unit (GRU) layer. A linear layer is used
to reduce dimensions and get intent labels. We make modifica-
tions based on this repository1.

We focus on how to fine-tune XLSR-53 for accommodating
the intent classification with a specific language (Chinese and
English in this paper) and propose the following three methods.

1. Freezing vs. Unfreezing.
As for the utilization of XLSR-53, it can be directly used
as a universal language feature extractor like BUT bot-
tleneck feature extractor but also can be trained with un-
freezing its weights and fine-tuning them for the SLU
task with backpropagation. The advantage of the former
is that it saves computing resources and time. After all,
XLSR-53 has about 320 million parameters.

2. Complementing tandem features.

1https://github.com/lorenlugosch/end-to-end-SLU

Figure 1: Structures for our model: XLSR-53 extracts the se-
mantic information from a waveform and the intent classifica-
tion module generates the label.

In the previous works [11, 21], we know that features
extracted from the pretraining model combined with tra-
ditional acoustic features (MFCC, PLP, etc) can achieve
better results on some phonetic tasks. We concatenate
the features extracted from XLSR-53 and the tandem
features of the log mel spectrogram encoded by CNN
as the input of the intent module.

3. Further pretraining.
The XLSR-53 model is pre-trained in 53 languages. For
a specific language, such as Singapore Hokkien [22],
its data distribution may be different from XLSR-53.
We further pretrain XLSR-53 with its original self-
supervised method in the target language. The XLSR-
53 can get data distribution that is more relevant to the
target language.

4. Experiments
4.1. Datasets

To test our method, we run a series of experiments on Fluent
Speech Commands (FSC) and CATSLU-MAP. They are open-
source SLU datasets. CATSLU-MAP can be downloaded here2.

The FSC [4] is an English (en) SLU dataset that consists of
30043 audio files. These audios were recorded by 97 speakers
and their format is 16 kHz single-channel .wav. Each audio con-
tains an instruction to the smart assistant, like “Turn the kitchen
lights on”. Its corresponding triple is {action:“activate”, ob-
ject:“lights”, location: “kitchen”} and (“activate”, “lights”,
“kitchen”) is the label. There are a total of 31 such distinct
intents. It should be noted that for a piece of audio, such
as ”Switch the language”, its label is (“change language”,
“none”, “none”). The values of object and location can be
“none”. Our SLU task is to do a single-label classification and

2https://sites.google.com/view/catslu/home
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does not consider the correlation between the triples. When
classifying each audio, each slot value is filled, and the pre-
dicted three-slot values are consistent with the label, then it was
judged to be correct. Our intent classification task is exactly the
same as [4].

The CATSLU-MAP [23] is a Chinese (zh) SLU dataset.
CATSLU means “the 1st Chinese Audio-Textual Spoken Lan-
guage Understanding Challenge”. Here we use Chinese to sim-
ulate the low-resource language. The utterances of CATSLU-
MAP were collected from dialogues between users and a man-
ageable spoken dialogue system in the map navigation domain.
They are real-world commands, like “(Chinese) 导航云南省
昆明市黄土坡(Navigate to Huangtupo, Kunming City, Yun-
nan Province)”, “(Chinese)西乡流塘 (This is a Chinese place
name)”, “(Chinese) 我在哪里(Where am I now?)”. A total of
1788 users’ voices. The office provides the audio information
and manual transcripts, here we only use the audio information.
Each utterance contains a command. In the original challenge
tasks, not only had to match the slot values of actions and ob-
jects but also the location that are full of place names had to
be identified. In our task, we only classify the labels composed
of action and object. To keep it consistent with the English
FSC task, we set all locations to “none”. So the three sen-
tences mentioned above, corresponding labels are (“inform”,
“operating”, “none”), (“inform”, “destination”, “none”) and
(“request”, “position”, “none”). There are about 1/5 of the ut-
terances that have 2 or 3 labels, here we only take the first one.
The 15 distinct labels can be used for the single-label classifi-
cation task. The information about the number of users of the
FSC and CATSLU-MAP, the number of utterances and labels
can be found in Table 1.

Table 1: Information about the FSC and CATSLU-MAP
datasets.

Dataset #Uers #Utterances #Labelstrain valid test
FSC (en) 97 23132 3118 3793 31

CATSLU
-MAP (zh) 1788 5093 921 1576 15

4.2. Experimental settings

We use the XLSR-53 model with 24 transformer blocks, model
dimension 1024, inner dimension 4096, and 16 attention heads,
and combining XLSR-53 with intent module. In the freezing
experiments on the FSC and CATSLU-MAP, we no longer up-
date the parameters of the XLSR-53 model using backpropa-
gation. We training the model with the batch size of 8, the
learning rate of 1e-3. Audio signal X(8,L), where L is au-
dio lens, passes through XLSR-53 to obtain the semantic in-
formation C(8,T,1024), where T is the number of frames. And
C(8,T,1024) constructs time information C̃(8,T,1024) through
GRU. C̃(8,T,1024) passes a linear layer and a max-pooling layer
to generate Y(8,Ns), where Ns is the number of slots. In the un-
freezing experiments on the FSC and CATSLU-MAP, we train
the entire model with the batch size of 1, the learning rate of
6e-6.

We try to discuss the influence of traditional acoustic fea-
tures on the model. Combining the multilingual representa-
tion information with the log mel spectrum. We use torchli-
brosa [21] to extract log mel spectrum from audio with 32 mel
filterbanks. The size of fast Fourier transform is 512, and the

type of window is hanning. The shape of the log mel spec-
trum is (B, 1, T , M ), where B is batch size, M is the num-
ber of mel bins of 32. The log mel spectrum passes through a
batch normalization layer and a convolutional layer, its shape
becomes (B, 64, T , 32). Reshape it to get Ĉ(B,T,1024). We
concatenate Ĉ(B,T,1024) with the semantic representation fea-
ture C(B,T,1024) of dimension T to input the intent module. In
the experiments of complementing the log mel spectrum, the
batch size is 8 and the learning rate is 1e-4.

We collected the open source Mandarin speech corpus
AISHELL1 [24] and AISHELL2 [25], a total of 1178 hours.
We used the fairseq toolkit [26] to further pretrain XLSR-53 on
6 Nvidia Tesla v100 GPUs about 130 hours for 90 epochs, and
the valid loss was reduced to 1.605. Then we got XLSR-53-
ZH. In the Chinese further pretraining experiments, instead of
XLSR-53, we will use XLSR-53-ZH as the pretrained model.
We have released the pretrained model of XLSR-53-ZH3.

The baseline of the experiments on FSC is the best re-
sult in [4]. For the Chinese baseline, we use the model of
BUT/Phonexia bottleneck feature extractor [12] combined in-
tent module with the stacked bottleneck features (SBN). The
SBN extracted from the neural network of BabelMulti are used
to intent classification.

4.3. Experimental results

Here we report results for three experiments on FSC and
CATSLU-MAP: Freezing vs. Unfreezing, complementing Tan-
dem features and further pretraining. Figure 2 and Figure 3
show the accuracy of these models over time on the FSC and
CATSLU-MAP datasets, respectively.

Freezing is to freeze the XLSR-53 whose parameters are
no longer updated by backpropagation. As a feature extractor,
the frozen XLSR-53 processes the raw audio signal for intent
classification. Unfreezing is to update the parameters of XLSR-
53 during training. The experimental results of Freezing vs.
Unfreezing are shown in Table 2. The accuracy in the table
represents the highest accuracy over 30 epochs of the single-
label classification. We can see that the Freezing’s accuracy is
very low (green line in Figure 2 and 3). The features extracted
from the frozen XLSR-53 that represents universal information
across 53 languages. They are not suitable for the specific lan-
guage SLU task. Unfreezing shows that our model outperforms
the baseline models of 0.87% and 8.44%, respectively. It means
that, in order to achieve excellent results on the SLU task, the
model should be fine-tuned on the labeled data of the target lan-
guage firstly.

Table 2: Experiment results of Freezing vs. Unfreezing.

Dataset Model Accuracy

FSC
Baseline[4] 98.84%
Freezing(ours) 58.08%
Unfreezing(ours) 99.71%

CATSLU
-MAP

Baseline[12] 71.45%
Freezing(ours) 40.67%
Unfreezing(ours) 79.89%

Freezing+logmel represents the experiment that the fea-
tures from the frozen XLSR-53 concatenating tandem features

3https://zenodo.org/record/4655324
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Figure 2: Accuracy on the test set over time for models trained
on FSC.

Table 3: Experiment results of complementing tandem features.

Dataset Model Accuracy

FSC

Freezing 58.08%
Freezing+logmel 98.58%
Unfreezing 99.71%
Unfreezing+logmel 99.66%

CATSLU
-MAP

Freezing 40.67%
Freezing+logmel 66.88%
Unfreezing 79.89%
Unfreezing+logmel 77.98%

of the log mel features encoded by the convolutional layer input
into the intent module. Unfreezing+logmel means combining
the log mel part, all parameters will be trained. Table 3 shows
the effect of concatenating log mel spectrum. We can see that
after combining the log mel spectrum, the Freezing’s perfor-
mance of classification has been greatly improved (orange line
in Figure 2 and 3). The accuracy has reached an acceptable
value. From Unfreezing to Freezing, the training parameters of
the model drop from 322 million to 5 million. Using Freez-
ing+logmel can save computing resources and training time.
But in Unfreezing experiments, concatenating log mel spectrum
does not meet our expectations, and the accuracy even dropped.
We guess that the log mel spectrum represents traditional acous-
tic features, and universal language information represents fine
semantic features. Simply concatenating the two cannot effec-
tively complement each other.

Freezing XLSR-53-ZH and Unfreezing XLSR-53-ZH (Fig-
ure 3, dashed line) just replaced the pretrained model XLSR-53
in Freezing and Unfreezing with XLSR-53-ZH. The experiment
results of further pretraining are shown in Table 4. We want to
use this experiment to demonstrate how much the large amount
of unlabeled speech data in the target language plays a role in
improving the performance of intent classification. XLSR-53-
ZH has indeed learned Chinese grammar knowledge. It can
be seen from the green dashed line in the Figure 3. The fea-
tures from the frozen XLSR-53-ZH are more relevant to Chi-
nese SLU tasks. But after unfreezing XLSR-53-ZH, the accu-
racy of the model is much lower than Unfreezing. This may be

Figure 3: Accuracy on the test set over time for models trained
on CATSLU-MAP.

because the further pertraining of the Chinese dataset has de-
stroyed the original universal data distribution of 53 languages.
The parameters are more sensitive to Chinese grammar, but the
huge amount of parameters leads to overfitting. How to perform
the self-supervised training on XLSR-53 is still to be explored.

Table 4: Experiment results of XLSR-53-ZH.

Dataset Model Accuracy

CATSLU
-MAP

Freezing 40.67%
Freezing XLSR-53-ZH 56.54%
Unfreezing 79.89%
Unfreezing XLSR-53-ZH 59.33%

For the reason why the accuracy of this seemingly simple
Chinese SLU task is lower than FSC, it is mainly because that
there are about 1/5 of the utterances that have 2 or 3 labels in
the test set, and we only chose the first one as their labels. This
may cause a result that was predicted correctly by model to be
judged as an error. And the utterances of CATSLU-MAP were
collected from the real world. There are a lot of users. The sen-
tences is flexible and mixed with dialects. The complex speech
information adds challenges to the model.

5. Conclusion
In this paper, we propose an end-to-end model with XLSR-53 to
challenge cross-lingual SLU tasks. And we conduct three types
of experiments to investigate the different approaches to fine-
tuning XLSR-53 for the specific language SLU tasks. We show
that our model not only achieves state-of-the-art performances
on the English dataset, but also can be transferred to the Chinese
dataset even outperforms a competitive model. The experiments
found that the universal language information from the frozen
XLSR-53 should be combined with traditional acoustic features
of target language for the SLU task. We try a strategy of further
self-supervised pretraining. In the future, we will use this model
to do experiments in another languages and consider how to
compress the model.
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