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Abstract

Slot filling is an essential component of Spoken Language
Understanding. In contrast to conventional pipeline ap-
proaches, which extract slots from the ASR output, end-
to-end approaches directly get slots from speech within a
classification or generation framework. However, classi-
fication relies on predefined categories, which is not scal-
able, and the generative model is decoding in an open-
domain space, suffering from blurred boundaries of slots
in speech. To address the shortcomings of these two for-
mulations, we propose a new encoder-decoder framework
for slot filling, named Speech2Slot, leveraging a limited
generation method with boundary detection. We also
released a large-scale Chinese spoken slot filling dataset
named Voice Navigation Dataset in Chinese (VNDC).
Experiments on VNDC show that our model is markedly
superior to other approaches, outperforming the state-
of-the-art slot filling approach with 6.65% accuracy im-
provement. We make our code' publicly available for
researchers to replicate and build on our work.

Index Terms: Speech2Slot, slot filling, limited genera-
tion, spoken language understanding

1. Introduction

Spoken Language Understanding (SLU) has attracted
much attention with the rapidly growing demand for
voice assistants such as Alexa, Siri, and Google Home
[1, 2, 3, 4, 5]. The conventional pipeline approaches
typically consist of automatic speech recognition (ASR),
which converts speech into the underlying text, and nat-
ural language understanding (NLU), which learns seman-
tics from the converted text input [6, 7, 8]. The major
problem of such approaches is that NLU suffers from the
upstream ASR errors, which set an accuracy upper bound
of the entire system.

Over the last few years, end-to-end SLU approaches
that directly infer semantic meaning from speech have
been proposed to eliminate the error propagation prob-
lem [9, 10, 11, 12, 13, 14, 15]. Several end-to-end ap-
proaches [12, 16] formulate the slot filling task as an
intent classification problem by flatting slot labels into
different intents. Other studies[15, 17, 18, 19, 20] for-
mulate slot filling as a generation task, where the speech
is used as the input to generate slot sequence using a
sequence-to-sequence (seq-to-seq) framework.

However, there are several problems with these two
formulations. (1) It is found that there are millions
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of slot values in most vertical domains, such as music,
movie, and locations. The classification framework relies
on predefined categories, which is not scalable. (2) For
the seq-to-seq framework, the entire vocabulary will be
searched at each decoding step, thus the produced slots
are not well controlled for subsequent tasks. (3) The en-
tire information of the input is helpful for decoding in
general seq-to-seq frameworks, such as machine transla-
tion and end-to-end ASR. However, the speech contains
much redundant information for slot filling. It is hard to
distinguish the slot and redundant information from the
speech in slot decoding. (4) A position where the slot
sound is clear could be in the former, middle, or latter
of the speech. Thus, the uni-direction decoding would
search a wrong path once the sound is not clear at first.

To address these problems, we propose a new
encoder-decoder framework called Speech2Slot. More
specifically, we formulate slot filling as a limited gen-
eration task leveraging the trie tree to restrict the de-
coding space. Furthermore, we propose a Gated At-
tention module to distinguish the slot information from
speech for detecting slot boundaries. Finally, to choose
an appropriate position to start decoding, we design a
tri-direction decoding method compared to uni-direction
decoding. These modules form our Speech2Slot frame-
work. It directly takes the phoneme posterior of speech
as inputs and generates the slots under control.

To the best of our knowledge, almost all existing SLU
datasets are English and minor in scale (such as SLURP,
ATIS, and SNIPS). We mainly focus on the large-scale
slot filling scene, which has no ready-made dataset. Thus,
we release a large-scale Chinese spoken slot filling dataset
named Voice Navigation Dataset in Chinese (VNDC).
VNDC contains 820k TTS training samples, 10k TTS
testing samples, 2k human testing samples, and 830,000
slots. Experiments on VNDC show that our approach
outperforms the end-to-end slot filling approach with
over 6.65% and 6.28% accuracy improvement on the hu-
man test set and TTS test set, respectively.

The contributions of our paper are as follows:

e we introduce a limited generation method leverag-
ing trie for spoken slot filling.

e We propose a Gated Attention module to detect
the slot boundaries from the speech.

e We design a tri-direction decoding method to de-
code slots.

e We release a large-scale Chinese dataset for spoken
slot filling.
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2. Related Work

There is plenty of work on conventional pipeline Spoken
Language Understanding (SLU) [6, 7, 8, 11, 21, 22, 23,
24, 25]. In the slot filling (SF) part of SLU, most studies
focus on extracting slots from the text [26, 27, 28, 29, 30].
The ASR error easily propagates to the SF module. In
the past few years, end-to-end SLU models are proposed
to address the error propagate problem [10, 12, 13, 14, 31,
32]. The end-to-end SLU models leverage a unified neural
network to replace the ASR and NLU model, where raw
waveforms or the acoustic features are directly used as
the inputs to infer the NLU result.

Most of these studies aim to get the sentence-level
representation of the input speech, which can only be
used in domain or intent classification. To apply the end-
to-end modeling approach in SF, several studies [12, 16]
formulate the SF as a classification problem. In [16],
the slot labels with combinations of slot values are flat-
ted as different intents. The classification framework
can produce discrete results, but it relies on predefined
categories, which is not scalable. It is hard to use this
method on the large-scale and long-tail slot filling scene.
In the meanwhile, a new slot can not be predicted using
a trained model.

Other studies [15, 17, 18, 19, 20] regard SF as a gen-
eration task leveraging an encoder-decoder architecture.
In [19, 20], the slots are directly decoded in the encoder-
decoder network by adding special symbols to denote
the start and end of the slot. In [15], the intent, slot
types, and slot values are decoded in sequence. However,
the generation framework can produce arbitrary results,
which is not in existing slot database. The generated
slots cannot be used directly in subsequent modules, such
as the music slot or video slot. Additionally, the entire in-
formation of the speech is used for decoding, and the slot
boundary is not well detected in previous studies. Thus,
to address these challenges, we propose the Speech2Slot,
leveraging a limited-generation method to keep the gener-
ation results in the slot database and integrating a gated
attention module to detect the slot boundary.
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Speech2Slot Model

3. Speech2Slot

The entire framework consists of two major components:
Acoustic Model (AM) and Speech2Slot. The AM, which
generates the phoneme posterior distribution, is trained
with a CTC loss [33] over the ground-truth phoneme se-
quence. The Speech2Slot takes the phoneme posterior
as input. Such implementation makes Speech2Slot inde-
pendent from the AM implementation conditioned on the
phoneme posterior. Therefore, Speech2Slot is less sensi-
tive to the choice of the AM implementation as long as
it provides proper phoneme posterior with comparable
accuracy. In this paper, we use an open-source code? to
train the AM.

3.1. Encoder-Decoder Framework

As shown in Figure 1, Speech2Slot is based on the
transformer encoder-decoder architecture. The input of
the encoder is the phoneme posterior. We integrated
two submodules in the encoder: multi-task learning and
gated attention. To minimize the overfitting effect, we
add a masked language model target in the encoder to
perform multi-task learning. We followed [32] to ran-
domly mask 10%-15% of the frames from the phoneme
posteriors. At the encoder hidden vectors of the masked
frames, we add a dense layer to predict the masked frame.
The objective function is the cross-entropy between the
original phoneme posterior frame and the predicted ones.
Additionally, since there is much redundant information
in the speech, in order to detect the slot boundary, we
also integrated gated attention in the encoder, detailed
in 3.2.

The input of the decoder is the slot phoneme se-
quence, which is obtained according to a word-to-
phoneme map table. To restrict the generated slots, we
limit the decoding process during inference leveraging a
trie structure, introduced in 3.3. Additionally, to choose
the appropriate position to start decoding, we design
a tri-direction decoding method [34] to further improve

2https://github.com/swimmingCreative/DeepSpeechRecog
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model performance, detailed in 3.4.

3.2. Gated Attention

Bridge Attention

Gated Bridge Attention
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Figure 2: Gated Attention

In general encoder-decoder tasks, almost the entire
input sequence is necessary, e.g. machine translation.
However, in the spoken slot filling task, there are many
noises (silent frames and nonsense) or templates (“7 want
to...”) in the input speech, which are not helpful for the
slot filling. Inspired by object detection in computer vi-
sion, we prefer to detect the slot boundaries to boost
performance. Therefore, we introduced a Gated Atten-
tion module and integrated it into the encoder-decoder
attention, as shown in Figure 2.

The encoder output is passed through a fully con-
nected layer consists of a linear transformation with a
sigmoid activation function to compute gated attention:

Gated Attention(GA) = Sigmoid(WyEou:) (1)

Where W, € R is the projection matrix and Fo.: €

R¥*L is the encoder output. L is the length of input
sequence and d is the hidden size. The gated attention
GA € R*™ is a vector with the dimension L, indicat-
ing which position might be a slot. The GA will be
integrated into the encoder-decoder attention (denoted
as bridge attention). The bridge attention is standard
encoder-decoder attention, which is calculated as:

QK"
Nz )

The BA is used to compute the gated bridged attention
by element-wise product with G A through broadcasting:

Gated Bridge Attention(GBA) = GAx* BA  (3)

The gated bridge attention GBA € R™* will be re-
garded as the new encoder-decoder attention.

Bridge Attention(BA) = Vv

3.3. Limited Generation

Our goal is that the output slots must be in our database.
For example, a song slot is predicted to belong to the
music domain. Thus, we introduce the trie structure to
limit the decoding space. We first use the slots database
to build a trie tree, shown in Figure 3. Then, it will
only consider words in the trie as candidates when the
model generates the next token. Particularly, the trie is
only used in the inference phase. Therefore, we could
build different tries for diverse situations based on the
same pre-trained model. Also, we can update the tries
without retraining the model when new slots appear.
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Figure 3: Trie Structure

3.4. Tri-direction Decoding

We observe that since the generative models produce to-
kens based on the previous output, the tokens generated
earlier have a profound effect on the latter. Thus, the
starting position of decoding is significant. Decoding
from a position where the sound is clear will be ben-
eficial. However, the sound could be apparent in the
former, middle, or latter position. Thus, we design a
tri-direction decoding method: forward, backward, and
middle to both sides, followed [34, 35]. Here, a token is
formulated as a phoneme.

We implement backward decoding by reversing the
sequence as the optimization objective. For middle de-
coding, we need first to determine where to start decod-
ing. Hence we designed a module to predict the middle
word:

Omid_word = Sigmoid(W, (Eou:GAT)) (4)

The dot product EouGAT is regarded as a weighted
average operation to get a sentence-level representation,
and W,, € R%ocatX? ig o transformation matrix to
project the output to vocab dimension. We choose those
tokens of the input sequence which are in the correspond-
ing slots as true labels. This module will only be used in
the inference phase. During training, we will choose the
middle word of the slot as the start position of middle
decoding.

We use beam search during inference with a beam
size of 10 for forward and backward decoding. For mid-
dle decoding, we first decode one side tokens, and then
use the forward or backward module to decode the other
side. Finally, we add the beam scores of the same results
decoding in different directions and choose the highest
score as the predicted slot. The key to effective middle
decoding is to choose the right start words. The model
could avoid starting from the pattern words precisely be-
cause the slot boundary could be effectively detected by
gated attention.

3.5. Dataset

This section describes the preparation of the Voice Nav-
igation Dataset in Chinese (VNDC). First, we collect
more than 830,000 place names in China, such as The
Palace Museum, Great Wall of Badaling, and Jishuitan
Hospital. To generate the navigation queries in training
data, we also collect more than 100 query patterns (such
as navigation to [location], the route to [location], search
[location]). We fill out the query patterns with places to
generate all the queries.



Next, we use an open-source T'TS tool® to generate
the speech files. The TTS tool provides several vari-
ant articulation types, such as men, women, background
music, and underwater, which increase the data diversity
significantly. In this way, we generate 820k speech-slot
pairs for training and 10k speech-slot pairs for testing.
To build real-person testing data, we also invite five vol-
unteers to record 2,000 audio clips. To valid the gener-
alization ability, the volunteers can freely describe the
place without using the exiting 100 query patterns. We
have released the entire training and testing data®.

3.6. Experimental Settings

Acoustic Model. We train the acoustic model with
four open-source ASR datasets, THCHS-30, Aishell, Free
ST Chinese Mandarin Corpus, and Primewords Chinese
Corpus Set®.

Speech2Slot. We use a transformer architecture with 4
layers. Each block uses 6 self-attention heads and hidden
size 384. We separately set the max input length of the
encoder and decoder to be 40 and 10. All the model
updates use a batch size of 256 and a Adam optimizer
with learning rate 1.5e-4.

3.7. Experimental Methods

Generation-SF(Gen-SF) [18]. To verify the perfor-
mance of the end-to-end slot filling model, we implement
an end-to-end SF model with the generative framework,
which is denoted as Generation-SF. Since the generation
process is not limited within this model, the output is
not necessarily in our database. For a fair comparison,
we use the Levenshtein distance to match the closest slot
in our database, denoted as Generation-SF-search.
Convention-SF(Con-SF) [30]. We implement a con-
ventional pipeline SLU approach by cascading the ASR
model with an SF model. The ASR model is imple-
mented by the same open-source code, which is used
to generated AM as mentioned above. The SF is im-
plemented by a transformer stacked by a CRF. We de-
note this method as Convention-SF. Since there are er-
rors in ASR results, we also use the Levenshtein distance
to match the closest slot in our database, denoted as
Convention-SF-search.

Classification-SF(Cla-SF) [13]. We also implement an
end-to-end SF model with a classification framework.
However, due to the fact that the number of categories is
too much and even exceeds the number of training sam-
ples, the model is hard to converge. We do not put it in
the results table.

4. Results

4.1. Main Results

We compare different approaches on the VNDC. The re-
sults of the experiment are shown in Table 1. Because
the training data of ASR or AM comes from general do-
mains and the decoding slots in the VNDC is extremely
large scale, the result of Convention-SF is poor. The

Shttps://www.xfyun.cn/
4http:/ /www.speech2slot.com/dataset
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Table 1: Slot filling accuracy comparison

Model TTS Test Human Test
Con-SF 14.12% 8.40%
Con-SF-search 49.48% 48.80%
Gen-SF 40.16% 11.70%
Gen-SF-search 88.40% 72.15%
Speech2Slot 94.68% 78.80%
Table 2: Ablation Studies
Model TTS Human
Speech2Slot Baseline 84.20% 58.40%
+ Gated Attention 84.28% 60.10%
+ Bi-dec 93.89% 74.05%
+ Tri-dec 94.21% 75.30%
+ Gated Attention + Bi-dec 94.39% 77.35%
+ Gated Attention + Tri-dec 94.68% 78.80%

Levenshtein distance matching (Convention/Generation-
SF-search) can increase the performance. As the results
show, our proposed Speech2Slot model significantly out-
performs the conventional slot filling approaches by a
large margin on both TTS and human test sets, proving
that our method could resolve the ASR error propaga-
tion. Furthermore, the Speech2Slot also outperforms the
end-to-end generation method with 6.26% and 6.65% ac-
curacy improvement separately, which means our method
is also more effective than previous end-to-end models.

4.2. Ablation Studies

We perform ablation experiments that quantify the in-
dividual contribution of each of the design choices for
Speech2Slot. The results are shown in Table 2. The
Speech2Slot with gated attention and tri-decoding out-
performed the baseline with 10.48% and 20.4% respec-
tive on two test sets. The results verify that the gated
attention could detect the slot boundary. Also, it proves
the tri-direction decoding could tackle different situations
such as the sound is clear either in the former, middle,
or latter position.

5. Conclusion

In this paper, we propose Speech2Slot, a practical way for
spoken slot filling with large-scale slot values. We formu-
late the slot filling as a limited generation task, where the
generated slots will be limited in the slots database. We
also designed a gated attention module to detect the slot
boundary and introduce tri-direction decoding for better
performance. In addition, we release a large-scale Chi-
nese speech-to-slot dataset. The experiment results show
that our proposed Speech2Slot significantly outperforms
the pipeline SLU approach and the end-to-end slot fill-
ing approach. Current work mainly focuses on the large-
scale slots, which have appeared in the slot database. In
future work, we will make the Speech2Slot have the ca-
pability to generate new appearing slots. Furthermore,
the multi-slots filling is also an important and practical
research direction.
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