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Abstract
Semantic slot filling is one of the most challenging problems
in spoken language understanding (SLU) because of automatic
speech recognition (ASR) errors. To improve the performance
of slot filling, a successful approach is to use a statistical model
that is trained on ASR one-best hypotheses. The state of the
art models for slot filling rely on using discriminative sequence
modeling methods, such as conditional random fields (CRFs),
recurrent neural networks (RNNs) and the recent recurrent CRF
(R-CRF) model. In our previous work, we have also proposed
the combination model of CRF and deep belief network (CRF-
DBN). However, they are mostly trained with the one-best hy-
potheses from the ASR system. In this paper, we propose to ex-
ploit word confusion networks (WCNs) by taking the word bins
in a WCN as training or testing units instead of the indepen-
dent words. The units are represented by vectors composed of
multiple aligned ASR hypotheses and the corresponding poste-
rior probabilities. Before training the model, we cluster similar
units that may originate from the same word. We apply our pro-
posed method to the CRF, CRF-DBN and R-CRF models. The
experiments on ATIS corpus show consistent improvements of
the performance by using WCNs.
Index Terms: spoken language understanding, slot filling,
word confusion network, conditional random field, deep belief
network, recurrent neural network

1. Introduction
The semantic parsing of input utterances in SLU typically con-
sists of three tasks: domain detection, intent determination and
slot filling. Slot filling aims at parsing semantic slots from the
results of ASR [1] and is typically modeled as a sequence clas-
sification problem in which sequences of words are assigned
semantic class labels. For example, users ask for the flight
information when booking tickets by the utterance “I want to
fly to Denver from Boston tomorrow”. In this case, slot fill-
ing is expected to extract semantic slots and the associated val-
ues of flight information such as Departure=Boston, Destina-
tion=Denver and Departure Date=tomorrow.

The state-of-the-art approaches for slot filling rely on statis-
tical machine learning models. These approaches exploit tradi-
tional discriminative models such as maximum entropy markov
models (MEMM) [2] and conditional random fields (CRFs) [3]
or recent deep neural network models such as deep belief net-
works (DBNs) [4], convolutional neural networks (CNNs) [5],
recurrent neural networks (RNN) [6, 7] and recurrent CRF (R-
CRF) [8]. The combination of DBN and CRF model is present-
ed in our previous work [9], achieving the state of art perfor-
mance for slot filling task.
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Figure 1: An example of word confusion network (WCN).

Most slot filling models are trained with the ASR one-best
results instead of manual transcriptions in order to model the
nature of recognition errors [4]. However, extracting target se-
mantic slots with simple one-best hypotheses is still challeng-
ing. This paper aims at using the word confusion network (WC-
N) which contains more information than one-best lists for a
more robust slot filling system.

WCNs have first been exploited to improve quality of AS-
R results [10] and applied to many spoken language processing
tasks, including SLU tasks [11, 12]. Recent papers [13, 14] pro-
posed a novel approach for training CRF models using n-gram
features extracted from the WCNs. In this paper, going a step
further, we propose a general methodology for training and e-
valuation based on WCNs which can apply to various models.
This is done by regarding the word bins in the WCN as vectors
composed of associated posterior probabilities. Based on the
assumption that the same word tend to produce similar word
bins whether or not the word is correctly recognized, we clus-
ter the word bins in WCNs according to the distance between
the vectors of bins. Thus the WCNs can be represented as the
sequences of the cluster IDs. Then a variety of modeling ap-
proaches can be used for training and recognizing, such as the
CRF model, R-CRF model and our proposed DBN-CRF model.

2. Word confusion networks
WCNs are compact representations of lattices in which com-
peting words at the same approximate time stamp in ASR are
aligned within the same position [10]. A posterior probability
to measure the confidence of the result is assigned to each word.
Figure 1 shows the structure of a WCN. In this example, there
are three competing words w1

i , w2
i , w3

i at the position i. These
words are assigned with associated posterior probabilities p1i ,
p2i , p3i . At each position, the summation of the posterior prob-
abilities is one as

∑
j

pji = 1. These bundled words and their

corresponding probabilities at the position i is called Bini.
In order to exploit WCNs as units instead of words to train

a model, we need to represent the WCN in a proper way. By
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Figure 2: Alignment of the WCNs and the corresponding se-
mantic labels.

considering the posterior probabilities of the words which don’t
appear in Bini as 0, we represent Bini as a V -dimension vec-
tor bi and bi = (p1i , ..., p

V
i ). V is the size of the vocabulary

used in the ASR system which generated the WCNs.

3. Using WCNs for slot filling
Noticing that the traditional slot filling systems are mostly
trained on word sequences with associated labels, this paper
aims at training a slot filling system on labeled WCNs which
are sequences of word bins. Due to the difference between the
word sequences and bin sequences, we implement the system in
the following steps.

3.1. Labeling word confusion networks

Properly labeled data is essentially required when training a s-
tatistical model. In most traditional slot filling systems, manu-
ally transcribed texts or one-best results are labeled by seman-
tic slots word-by-word. However, labeling word confusion net-
works is not as simple as labeling texts. We start with the train-
ing data which consist of audio data and the associated manual-
ly transcribed texts. The texts are annotated with the semantic
slots. By performing a forced alignment between the audio data
and the transcribed texts, each word and the assigned semantic
slot are both tagged with time stamps. Then audio data is recog-
nized by the ASR system and the one-best result is also tagged
with time stamps. By comparing the time stamps between the
one-best result and the transcribed texts, semantic slots are la-
beled for the words in the one-best result. For the WCNs, we
can also label each bin with the semantic slot according to the
time stamps in the same way. Therefore, each bin in the WCN
is assigned a slot and a value (Bini : Sloti = wi). Figure 2
shows an overview of the labeling process.

3.2. Clustering

Now we have the bin sequences and the semantic label se-
quences and each bin is represented with a vector. Noticing that
the same word should produce similar bins in the WCN, we
cluster the bin vectors and each cluster contains the bins which
are probably produced by the same word. Additionally, we find
that the same mis-recognized word also produces similar bins,
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Figure 3: Flow of training and recognition with WCNs.

which can help us extract as much as possible information from
the ASR results. In fact, the number of clusters is usually big-
ger than the size of vocabulary since the same word in different
context may split into different clusters.

Given two vectors, cosine distance and Euclidean distance
can be used as the distance metric. We use cosine similarity
here as the metric of similarity. The cosine similarity between
the two bin vectors bi and bj is defined as

sim(i, j) =
bi · bj
|bi||bj |

(1)

We cluster all of the bins in the WCNs of the training data into
K clusters using the k-means clustering or the repeated bisec-
tion algorithm [15]. K is a hyper-parameter in the experiments.

3.3. Training

Each bin has a cluster ID after clustering. Then the training data
can be represented as pairs of a sequence of cluster IDs and a
sequence of semantic labels. Based on these pairs, we can train
a model to predict a label sequence from a cluster ID sequence
in various frameworks such as CRF [3, 16], DBN-CRF [9] and
R-CRF [8].

3.4. Evaluation

After clustering we have K centroid vectors . Before we predict
the semantic tags of a WCN using the trained model, each bin
in the WCN is assigned to one of the nearest clusters according
to the similarity between the bin and the centroid vectors. Thus
the evaluation data is also represented by cluster ID sequences.
We assign the slots to the cluster ID sequences using the trained
model and fill the slots with the 1-best words from the WCN
bins.

Figure 3 shows the whole training and evaluation process
with WCNs.

3.5. Considering contexts of bins in a WCN

The above representation of the WCN bin with the correspond-
ing vector can take into account the acoustic feature of a word
in various acoustic environments. In order to model the lan-
guage feature of a word, we can consider the contexts of bins
in a WCN. For example, each Bini is represented with a vector
bi with the dimension V , the size of the vocabulary. By consid-
ering the previous and the next bins, Bini can be represented
with a vector of 3V dimensions like (σbi−1, bi, σbi+1), where
σ is a weighting factor which is another hyper-parameter in our
experiment. If σ = 0, we experiment without contexts.
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4. Applied to models
Noticing that our proposed approach can be seen as a prepro-
cessing step for training and recognition, we can train a model
in different frameworks. The traditional discriminative model
CRF, the hybrid model DBN-CRF in our previous work [9] and
R-CRF [8] are used in this work to evaluate the effect of the
proposed approach.

4.1. CRF modeling with WCNs

CRF is a discriminative sequence model which can frame slot
filling task in SLU as a sequence labeling problem to obtain the
most likely slot sequence given the input sequence:

Ŷ = argmax
Y

P (Y |X) (2)

where X = x1, ..., xT is the input word sequence and Y =
y1, ..., yT is the output label sequence. The goal is to obtain
the label sequence Ŷ which has the highest conditional proba-
bility. CRF is shown to outperform other discriminative models
due to its global sequence training ability. In the basic linear
CRF model, the above conditional probability P (Y |X) can be
defined in an exponential form:

P (Y |X) =
1

Z(X)
exp(

∑

k

λkfk(yt−1, yt, xt)) (3)

where the function fk represents the input features extracted
from training data and the label transition features with asso-
ciated weights λk. Z(X) is the normalization term [3]. The
features {fk} are predefined in advance according to the input
sequences and their labels, and the weights {λk} are learned
during the training process. After the parameters are optimized
with annotated training data, the most likely label sequence Ŷ
can be determined using the Viterbi algorithm. Note that, each
label yt depends on the whole sequence X , instead of corre-
sponding observations xt. CRF model can overcome the label
bias problem, which is the main advantage against local models
like MEMM [2] or the latest DBN [4].

4.2. DBN-CRF modeling with WCNs

While CRF exploits the sequence training approach and can al-
leviate the label bias problem in locally normalized models, the
input features are manually defined and cannot be learned au-
tomatically. Thus we use DBNs to generate the features for the
CRF, which is called DBN-CRF [9]. Figure 4 shows the DBN-
CRF model architecture. The input sequences are bin cluster ID
sequences instead of word sequences.

4.3. R-CRF modeling with WCNs

In the recurrent CRF model [8], a RNN is used to generate the
input features for a CRF. The features used are the RNN scores
before softmax normalization to avoid label bias problem. In
this paper, we use WCNs to train the R-CRF model as an ex-
tension of the work in [8]. Figure 5 shows the R-CRF model
architecture.

5. Experiments
We conduct experiments to verify whether the performance of
slot filling is improved by using WCNs for training or recog-
nition. In order to confirm our proposed method is relatively
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Figure 4: DBN based CRF model using WCNs.
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Figure 5: Recurrent CRF model using WCNs.

general and unaffected by the modeling approach, we experi-
ment with three different kinds of models, CRF, DBN-CRF and
R-CRF.

5.1. Experimental setup

We evaluate our proposed method on slot filling task with the
most widely used data set for SLU research, the ATIS corpus
[17]. The training set contains 4978 utterances with the tran-
scribed texts and corresponding semantic labels while the test
set contains 905 utterances also with texts and labels. 1000 ut-
terances of the training set are held out as the development set to
tune the hyper-parameters in the experiment. Additional 8000
unlabeled utterances in the same scenario are used to pre-train
the RBMs for DBN initialization. The ATIS corpus are annotat-
ed using semantic frames in In-Out-Begin (IOB) representation
which is shown in Table 1. Notice that “dc” represents “depar-
ture city” and “ac” represents “arrival city”.

To obtain the ASR one-best hypotheses and WCNs for the
above 3 data sets, we prepared an ASR systems [18]. The vo-
cabulary size of the dictionary is 19800, meaning that the di-
mension of the vector representing the bin of the WCN is also
19800. This dimension is 19800 × 3 when the contexts of the
bin are considered. The Word Error Rate (WER) of the ASR
one-best of the test set is 28.7%.

5.2. Feature selection

The input features for the CRF, DBN-CRF and R-CRF are ex-
tracted from the labeled WCN bin cluster ID sequences. We
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Table 1: ATIS corpus example with IOB annotation.

Sentence flights from Denver to New York
Labels O O B-dc O B-ac I-ac

consider previous two cluster IDs, current cluster ID, next two
cluster IDs as the basic feature and use the “1 of N coded” bina-
ry vectors to represent the feature. If the number of the clusters
is K, the input feature can be represent as a vector of size K×5,
with 5 bits switched on.

For the CRF framework, we use CRFsuite for our experi-
ment since the feature generation code is simple and general so
we can change or add an arbitrary number of features (http://
www.chokkan.org/software/crfsuite/ ). We use Stochastic Gra-
dient Descent (SGD) optimization for the CRF training.

For the DBN-CRF framework, we choose three hidden lay-
ers of 100 − 200 − 100 units as basic DBN architecture, with
additional input layer and output layer. The threshold for weight
constraining is 2 [4]. The training process is divided into 2 phas-
es, pre-training step and weights tuning step with back propa-
gation.

For the R-CRF framework, the dimension of hidden layer
is 200. We implement a forward-backward algorithm during
training and Viterbi algorithm during decoding [8].

5.3. Evaluation

We evaluate the total F-measure for all the 79 semantic slots.
The results are shown in Table 2.

For the comparison of performance, we estimate the models
trained and evaluated on manually transcribed texts, the ASR
one-best hypotheses and the proposed WCNs respectively.

In the experiments, we have two hyper-parameters which
are the number of clusters K and the context weighting factor
σ. They are tuned with the development set in the experiment.
For the number of clusters K, we increase it from 10000 (s-
maller than the vocabulary size 19800) to 60000 (larger than
the vocabulary size). For the contexts of WCN bins, we choose
the weighting factor σ from {0.2, 0.5, 0.7}. Figure 6 shows the
total F-measure in the development set when varying K and σ.
In the experiment, we figured out that K = 51000 and σ = 0.2
achieve the best performance and we use these parameter values
in the evaluation.

In [13] and [14], n-gram features are extracted from WCNs
for training a slot filling system. We repeat the work, using
WCN bins with size of 3 and the corresponding trigram features
for training.

Table 2: F-measure in evaluation set using different methods.

Training / Evaluation / Parameters CRF DBN-CRF R-CRF
Manually transcribed text / ASR one-best 0.786 0.802 0.852
ASR one-best / ASR one-best 0.794 0.808 0.865
WCNs (no contexts) /
WCNs (no contexts) /
K = 51000

0.842 0.858 0.891

WCNs (with contexts) /
WCNs (with contexts) /
K = 51000, σ = 0.2

0.877 0.883 0.903

WCNs / WCNs [13, 14] 0.861 - -
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Figure 6: F-measure in development set when varying K and
σ.

5.4. Discussion

Taking an overview of the results in Table 2, our proposed ap-
proach shows consistent improvements in CRF, DBN-CRF and
R-CRF model. The R-CRF model with WCNs and considera-
tion of contexts achieves the best performance.

(1) Comparing the 2nd and the 3rd rows in Table 2, the
models trained on the ASR one-best results are slightly superior.
This is because the training data and the test data match and the
trained model can take into account the ASR errors.

(2) Comparing the 3rd and the 4th rows, the F-measure im-
proved by using WCNs for both training and evaluation. The
improvement illustrates that the model trained with WCNs can
effectively recover much more information from the ASR errors
than one-best results.

(3) Comparing the 4th and the 5th rows, the F-measure im-
proved by considering contexts of WCN bins. The improve-
ment illustrates that the richer representation of the context fea-
ture is helpful in slot filling.

(4) The comparison of last two rows show that our method
of exploiting WCNs is more effective than the previous work
[13, 14]. The primary reason is that we take into account the
bins with full size in a WCN while the previous work used WC-
N bins with size of 3 which may compromise the accuracy of
slot filling.

6. Conclusion and future work
In this paper, we proposed an approach to exploit word con-
fusion networks for slot filling task in spoken language under-
standing. The key idea is that the same word can produce sim-
ilar bins in WCNs whether or not the word is correctly recog-
nized. The bins are clustered and the WCN is represented with
a sequence of cluster IDs. Thus our proposed approach can
be seen as a preprocessing step for modeling and recognition
with various techniques. We conducted experiments with CRF,
DBN-CRF and R-CRF models and observed that the proposed
method consistently improve performances on ATIS dataset.

Future work will explore whether additional dense features
such as word embeddings can boost the clustering process, fur-
ther improving the performance of our method.
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