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ABSTRACT

1

Spoken language understanding (SLU) converts user utterances into structured semantic forms. There are still two
main issues for SLU: robustness to ASR-errors and the data
sparsity of new and extended domains. In this paper, we
propose a robust SLU system by leveraging both acoustic
and domain knowledge. We extract audio features by training ASR models on a large number of utterances without
semantic annotations. For exploiting domain knowledge, we
design lexicon features from the domain ontology and propose an error elimination algorithm to help predicted values
recovered from ASR-errors. The results of CATSLU challenge
show that our systems can outperform all of the other teams
across four domains.

The spoken language understanding (SLU) is crucial for voice
user interfaces, with the widespread adoption of smart devices like Google Home, Amazon Alexa, Apple Siri, and Microsoft Cortana. It is usually designed as a pipeline structure.
An automatic speech recognition (ASR) module converts
the audio signal into the text, followed by an SLU module
parsing it into the corresponding meaning representations
for certain narrow domains. Most of the previous works focus on semantic parsing on a given text by ignoring speech
recognition errors [3, 11, 14, 16, 18, 23]. Although the speech
recognized text contains ASR uncertainties[6, 7, 19, 22], it
is still insufficient for SLU by using only textual features[5].
Besides ASR-errors, the data sparsity problem for new and
extended domains become a new challenge[2].
In this paper, we proposed a robust SLU system, leveraging
both acoustic and domain knowledge. We first formulate the
SLU as a joint sequence labelling and sentence classification
task. For acoustic knowledge, we train an end-to-end ASR
model with a large number of utterances without semantic annotations, which provides high-quality audio features.
Both audio and textual features are exploited to improve
the robustness of the SLU model to ASR-errors. For domain
knowledge, we design lexicon features from the domain ontology to improve the generalization capability for unseen
values. We also proposed an error elimination algorithm
depending on the domain ontology to help recover the predicted values from ASR-errors.
Our approaches are evaluated in the CATSLU [24] challenge with four different domains. Our systems outperform
all of the other teams across four domains in terms of the
joint accuracy and win two first places in terms of F1-score.
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2

INTRODUCTION

PROBLEM FORMULATION

Our goal is to learn an SLU parser from instances of user
utterances paired with their structured meaning representations in a narrow domain. The user utterance consists of the
speech signal, text recognized by an ASR system and text
transcribed by humans. Let o = o 1 · · · o |o | denote a speech
signal, a = a 1 · · · a |a | its ASR text (it may contain ASR errors
as shown in Table 1), u = u 1 · · · u |u | its human-transcript,
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Figure 1: Model architectures for joint sequence labelling and sentence classification.
Table 1: A data instance of user utterance (human-transcript
and ASR text) and its semantic annotations.
u
a
y
s, c

What’s the weather of Suzhou
What’s the weather off Suizhou
inform(city=“Suzhou”);request(weather)
What’s:O the:O weather:O of:O Suzhou:B-inform(city)
=> request(weather)

and y = y1 · · · y |y | its meaning representation. We wish to
estimate p(y|o, a, u), while u is not valid in the test stage.
The label y is annotated on the human-transcript u, which
contains a set of act(slot=value) triples1 , as shown in Table 1.
Since each value appears in the human-transcript, we can
make an alignment for each act(slot=value) triple. Thus, y is
converted into two parts: a sequence of tags2 for each word in
u, s = s 1 · · · s |u | , and a set of sentence classes c = {c 1 · · · c |c | }
(i.e. triples without value), as shown in Table 1. Therefore, we
decompose p(y|o, a, u) into a two-stage prediction process:
• Joint sequence labelling and sentence classification:
We train the joint model by estimating p(s, c |o, u), and
replace u with a in the test stage.
• ASR-error elimination for predicted values: In the test
stage, values of extracted act(slot=value) triples may
contain ASR errors. It is essential to eliminate the ASR
errors to obtain true values.
3

AUDIO-TEXTUAL SLU

Joint sequence labelling and sentence classification
on text
Basic models for single domain. Long short-term memory
(LSTM) based models are applied in joint training of sequence labelling and sentence classification [11, 20]. Let
x = (x 1 · · · xT ) denote the input word sequence which is
human-transcript u at the training stage and ASR text a at
the test stage. We use bidirectional LSTM (BLSTM) [4] to capture both past and future contextual information. Each word
1 All

possible values for each slot are predefined in the domain ontology.
Note that the value of each triple can be empty, e.g. “request(weather)”.
2 A value may consist of continuous words, so Inside/Outside/Beginning
(IOB) representation is exploited.
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x t is mapped to a fixed-dimensional vector by a word embedding function ψ (·), then the hidden vectors are recursively
computed at the t-th time step via:
→
−
→
−
h t =fLSTM (ψ (x t ), h t −1 ), t = 1, · · · ,T
(1)
←
−
←
−
h t =bLSTM (ψ (x t ), h t +1 ), t = T , · · · , 1
(2)
−
→
− ←
ht = [ h t ; h t ], where [·; ·] denotes vector concatenation,
and fLSTM and bLSTM are the LSTM functions for forward and
backward passes respectively. As illustrated in figure 1, three
models are applied for the sub-task of sequence labelling:
• BLSTM: Each ht is utilized to compute the probability
distribution over the slot labels by a linear output layer
and the softmax function.
• BLSTM-CRF: A CRF (conditional random field) layer
is added on the top of the slot output layer to model
the label dependency.
• BLSTM-focus: The focus mechanism [23] with an
LSTM decoder is added on the top of BLSTM encoder,
which can also help build the label dependency.
We build another linear output layer for the sub-task of
sentence classification. Its input is a weighted sum of the
Í
BLSTM hidden vectors, i.e., Tt=1 α t · ht . The weights are
calculated by a typical attention mechanism [1], i.e., α t =
exp(a(hT ,h t ))
ÍT
, where a is a feed-forward neural network.
i =1 exp(a(hT ,h i ))
Since an utterance may have multiple classes, we use the
sigmoid function to estimate the existence probability for
each class label.
Domain adaptation. For domain adaptation, we consider both
domain-invariant and domain-specific features [8, 9, 12, 22].
We use two BLSTMs to capture the domain-invariant and
domain-specific features, respectively. Following [8], the
shared BLSTM are also trained adversarially to produce domain agnostic representations.
Leveraging domain ontology
Lexicon features. In the ontology of each domain, there are
several lexicons contain all possible values of certain slots.
To leverage the domain ontology, we design N-gram lexicon
features as external features besides word embeddings.

Robust Spoken Language Understanding with Acoustic and Domain Knowledge

Let Vl = (v 1 · · · v Ml ) denote a lexicon of the current domain, where Ml is the number of values. Each value vi can be
represented as a word sequence (w i,1 · · · w i, |vi | ). Thus, the
n-gram candidates of Vl can be represented as a set, Vln =
{(w i, j · · · w i, j+n−1 ) | i = 1, · · · , Ml ; j = 1, · · · , |vi | − n + 1}.
Given an utterance x = (x 1 · · · xT ), we have an n-gram
starts at the t-th time step, i.e., (x t · · · x t +n−1 ), t = 1, · · · ,T .
The indication of whether (x t · · · x t +n−1 ) exists in Vln returns
a binary feature at the t-th time step. We consider n from 1
to 3. If the current domain has L lexicons, the dimension of
lexicon features should be n × L.
ASR-error elimination for predicted values. In the test stage,
ASR texts are fed into the model to get aligned labels, which
can produce the corresponding act(slot= value) triples. However, ASR-errors may be retained in the predicted values. To
tackle this problem, we propose an error elimination algorithm for the predicted values based on the domain ontology
and a pronouncing dictionary, as shown in algorithm 1.
Given a predicted triple act(slot=value), if value is not
valid for slot according to the domain ontology, this triple
should be considered for error elimination. We step further
to replace the wrongly predicted value with the most similar
one for slot according to the domain ontology, while we also
set a similarity threshold to reject the predicted triple. Since
the value error mainly comes from ASR errors, we measure
the similarity of two values by the edit distance of their
phoneme sequences relying on a pronouncing dictionary.
Moreover, the prediction of slots may also be wrong. For
example, in the weather domain, the model may be confused
about whether “Suzhou” is a “city” or “district”. Therefore,
when an error occurs, we first replace the predicted slot with
the slot that the value uniquely belongs to.
Leveraging audio information
End-to-end ASR. In order to leverage audio information, we
build a Chinese char-level end-to-end ASR (E2E ASR) system. We utilize a sequence-to-sequence (seq2seq) model with
the attention mechanism [1]. Following [21], the encoder
includes 2 layers of 3×3 convolutions with 16 channels, 2 layers of 3×3 convolutions with 32 channels, and 2 max-pooling
layers with the stride of 2. On top of the convolutional layers, an encoder contains 5 layers of BLSTM and a projection
layer. The decoder consists of 2 LSTM layers and uses Tanh
attention [15]. We pre-trained the E2E ASR model on a 2000
hours Chinese Mandarin dataset and then finetuned by all
utterances in the challenge dataset. Due to the limitation of
the challenge dataset, both the pre-trained E2E ASR and finetuned systems perform worse than the given 1best results,
as shown in Table 2.
LM rescore. Therefore, it is intuitive to train an in-domain
Language Model (LM) and do shallow fusion [17] with seq2seq
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Algorithm 1 ASR error elimination with domain ontology
Input: Predicted triples y; domain ontology ont; pronouncing dictionary D; similarity score threshold thr .
Output: Predicted triples after error elimination ỹ.
1: Build a reversed mapping v2s of ont.
2: ỹ ← []
3: for (act, slot, v) in y do
4:
if v not in ont[slot] then
5:
if v in v2s and len(v2s[v]) = 1 then
6:
ỹ.append((act, v2s[v], v))
7:
else
8:
ṽ, min_dist ← minEditDist(v, ont[slot], D)
9:
if min_dist ≤ thr then
10:
ỹ.append((act, slot, ṽ))
11:
end if
12:
end if
13:
else
14:
ỹ.append((act, slot, v))
15:
end if
16: end for
Table 2: CER% of dev set for different domains

system
given 1best
pre-trained E2E ASR
+ finetune
+ 10+1-best LM rescore

map music
19.92 25.40
52.77 52.49
30.7
32.2
17.5 24.6

video
13.18
49.84
22.8
11.2

weather
29.26
56.87
32.7
27.2

models. We also combined the N-best list produced by E2E
ASR model and the given 1best, and used an in-domain LSTM
LM to rescore these N+1-best candidates. The new results
slightly outperform the given 1best (see Table 2).
ASR features. ASR feature can be extracted from the encoder
of the E2E ASR model. Let o = o 1 · · · o |o | denote audio signals
of an utterance. The encoder will produce a corresponding
sequence of hidden vectors E = h1 · · · h |o | . We can obtain
ASR feature vectors of the utterance in three ways: the last
hidden vector, max-pooling and mean-pooling over time.
They are exploited as additional inputs for each word in the
textual SLU model.
4

EXPERIMENTS

Datasets
We use the dataset provided in the CATSLU challenge [24]3 ,
which consisted of four dialogue domains (map, music, weather,
video). There is also an ontology file for each domain, containing all possible acts, slots and values.
3 https://sites.google.com/view/CATSLU/home
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Table 3: F1-scores and joint accuracies on the development
set of each domain. (F1-score/accuracy)
Method
BLSTM
+EE
+EE +LF
+EE +LF +AF
+DA
BLSTM-CRF
+EE
+EE +LF
+EE +LF +AF
+DA
BLSTM-focus
+EE
+EE +LF
+EE +LF +AF
+DA

map
78.8/75.1
88.0/83.5
88.0/83.5
88.8/84.2
88.5/83.4
81.1/76.8
88.5/84.0
88.7/83.8
88.9/84.5
88.7/84.3
80.9/76.1
88.8/84.4
87.7/83.1
89.1/84.8
88.7/83.9

music
82.8/71.9
89.7/79.8
92.0/85.3
92.5/86.4
92.5/85.0
84.2/75.1
89.8/79.8
92.3/85.3
92.7/85.6
92.4/84.5
85.6/76.1
90.6/81.6
92.6/85.0
92.5/85.0
92.2/84.0

Table 4: Final results on the test set of each domain.

map
0 77.61/74.65
0* 87.43/83.08
1 87.92/83.78
2 88.07/83.84
3 88.66/84.54
4 89.28/84.47
5 89.00/84.54

weather
video
87.9/83.3 80.5/66.7
91.4/85.5 87.0/72.3
91.9/87.8 90.8/80.5
92.5/87.3 90.8/80.5
91.7/86.2 91.3/81.0
89.3/85.2 81.2/67.7
91.9/86.8 87.9/73.3
92.7/88.6 91.3/81.0
92.5/87.6 90.8/80.0
91.9/86.0 91.4/80.0
87.6/82.3 81.6/69.2
89.2/83.1 87.8/73.3
91.9/87.6 91.3/81.0
91.9/87.0 91.2/81.0
92.0/86.5 90.3/80.0

Experimental setup
To avoid error propagation of Chinese word segmentation [13],
our SLU models are at Chinese char level. BLSTMs of SLU
models are single-layer with 256 hidden units, and the dimension of char embeddings is 200. We initialize the input
embedding layer by pre-training a LSTM based bidirectional
language models (biLMs) with zhwiki4 corpus. For training,
the network parameters are randomly initialized with the
uniform distribution (-0.2, 0.2). The dropout with a probability of 0.5 is applied to the non-recurrent connections during
the training stage. The maximum norm for gradient clipping
is set to 5. The learning rate is set to 0.001 and kept for 50
epochs with Adam optimizer [10] for both single-domain and
domain-adaptation tasks. We respectively use the humantranscripts of training and development sets for training and
validation to save the best parameters. In the test stage, ASRtext is used. The metrics used in evaluation are F1-score of
act(slot=value) triples and utterance-level accuracy.
Evaluation on the development sets
The experimental results of different models on the development set of each domain are shown in Table 3. “+EE” means
the algorithm of error elimination is applied in the test stage.
“+LF” means the lexicon features are exploited. Moreover,
“+AF” denotes that ASR features are included. There are 3
kinds of ASR features as mentioned in section 3, we tried
all of them and chose the best on the validation. Finally, we
applied the domain adaptation method (“+DA”) with adversarial training technique on the basis of all of the approaches
above. From Table 3, we can see that: 1) The CRF layer and
4 https://dumps.wikimedia.org/zhwiki/latest
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music
81.57/71.15
92.84/84.91
92.74/85.06
92.63/84.76
93.13/85.36
93.53/86.09
93.42/86.69

weather
85.25/78.16
94.16/88.80
92.99/86.80
93.35/87.44
93.72/88.16
93.88/89.02
93.70/88.80

video
75.18/57.53
93.04/83.91
92.28/82.57
92.18/82.75
92.49/83.49
92.77/83.55
92.84/84.28

focus mechanism consider more about label dependency, resulting in better performances compared to vanilla BLSTM
models. 2) By recovering true values based on the domain
ontology and the pronouncing dictionary, the F1 score and
accuracy in all domains are improved significantly (even
over 10% in some domains). This indicates the importance of
domain knowledge. 3) The usage of lexicon features helps a
lot especially in music and video domains. The improvement
in both F1-score and accuracy can be nearly 8%. 4) ASR features are only effective in some cases, e.g., the map domain
with BLSTM-focus model. The domain adaptation training
is not effective on the development sets.
Challenge submissions
For the challenge, we are allowed to submit five systems
in total. For “BLSTM”, “BLSTM-CRF” and “BLSTM-focus”,
we choose the one with best performance testing on the
development set. Considering the limitation of data scale,
we also exploit the development set as well as the train set
for training models. The details of all submitted systems are:
System 1 Basic models + lexicon feat. + error elimination
System 2 System 1 + add the development set in training
System 3 System 2 + ASR rescore 1-best
System 4 System 3 + ASR features
System 5 System 4 + domain adaptation
The final results are shown in Table 4, where ‘0’ refers
to the best baseline and ‘0*’ denotes the best performance
on each domain from other teams. For joint accuracy, our
system outperforms all of the other teams in four domains.
As for the F1-score, we win 2 first place across four domains.
5

CONCLUSION

In this paper, we present details of our submissions to the
CATSLU challenge. The results show that acoustic and domain knowledge is essential in building robust SLU systems.
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