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Abstract - Spoken Language Understanding (SLU) is a part of the Spoken dialogue system (SDS) and it
assists to achieve the user's goal. SLU maps user utterance to a logical structure that can be easily
understood by the computer. SLU accomplish this task by using deep learning models such as
Convolution Neural Network (CNN) from machine learning. These machine-learning models suffer from
an Internal Covariant Shift (ICS). Due to ICS, the learning efficiency of the deep model has reduced
which in turn reduces the learning efficiency of SLU. An ICS in SLU can be reduced by techniques
proposed in machine learning. The techniques are batch normalization, cosine normalization, group
normalization, layer normalization, and instance normalization. The work in the paper extends these
techniques to a deep model in SLU to mitigate the ICS and to enhance the performance of SLU. The
results show improvement in SLU performance with normalization. The speed of training is also
improved with normalization. The evaluation parameters are F-score, accuracy, and detection rate.
When the SLU is trained with less training data, SLU with the instance normalization displayed good
results. SLU with instance normalization displayed minimum variation in the learning curve. SLU with
batch normalization displayed better accuracy, detection rate, and F-score for both area and price slot. In
terms of training time, SLU with cosine normalization and batch normalization required the least time.

Keywords: Keywordl; keyword2; keyword3. Internal covariant shift; Spoken language understanding; learning
models; machine learning.

1. Introduction

Spoken language understanding (SLU) tasks require logical representations of user utterances inputs. This
logical representation can be directly learned from data. Learning models have quickly become standard
learning methods and have yielded improvements in SLU. Peng et al. in paper [1] presented a unified
framework for multi-tasking and multi-domain. In the paper, the learning model is used for multi-tasking and
multi-domain task. The work in paper [2] presents a single recurrent neural network that integrates three task
domain classification, intent determination, and slot filling over multiple domains for a single natural language
understanding model. In another paper [3] a learning model architecture is for multi-domain task-oriented of
spoken language understanding. Liu et al. in paper [4] presented a system that can perform better when tested on
incomplete or partial queries using learning models. The paper research [5][6] investigates different classifiers
from machine learning for SLU. Thus, learning models plays important role in accompanying SLU task. This
learning model suffers from the ICS. Hence learning performance of the SLU is reduced. Thus, ICS reduces the
performance of SLU. The work in this paper aims to improve learning in SLU by reducing internal covariant
shift in learning models in SLU. The techniques from machine learning are investigated to reduce internal
covariant shift. The work in the paper investigates batch normalization, cosine normalization, group
normalization, layer normalization, and instance normalization to reduce ICS.
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Machine learning models are widely used in improving the performance of many applications. In intrusion
detection, machine-learning models are used for optimizing feature selection [7]. The feature selection and deep
models are used to enhance the performance of detection of breast cancer in magnetic resonance imaging [8].
Classification model from machine learning is used for breast cancer classification [9]. Deep CNN model is also
used for the diagnosis of COVID 19 [10]. The convolution regression model is also used for crop production
prediction [11]. Another work [12]. RNN is used for disease prediction. Prakash Annamalai in paper [13] used a
deep belief network for face recognition.

In paper [14], batch normalization is investigated for SLU. This work investigates group normalization, cosine
normalization, and instance normalization to mitigate the ICS in SLU. The objective of work in the paper is as
follow:

1) To improve learning in SLU by reducing internal covariant shift.
2) To investigate techniques from machine learning to reduce the internal covariant shift in SLU.

3) To do a comparative study of different techniques and analyze the impact of these techniques on SLU
performance.

2. Background
2.1. Spoken language understanding

SLU framework is a field emerging from Natural Language Processing (NLP) and it's growing by utilizing
advances from machine learning. The paper [15] presented a method is to enriching word embedding with
semantic technique. Future work presented in the paper is to implement word embedding to complex networks
such as bidirectional long short-term memory with memory networks. In this paper, the machine learning model
is used for intent detection. Variation Bayesian model was used for intent detection from user queries [16]. The
experiments were carried out with a large volume of searched queries and results showed significant
improvement over the state-of-the-art system. In this paper, the machine learning model is used for intent
detection. Word embedding or word representation use numbers to represent words in machine learning. The
author in the paper [17] uses a large-scale word representation machine learning model to solve the intent and
domain classification problem when a lot of unlabeled data is available. In this work, a machine learning model
is used to extract features from unlabeled data to solve intent classification and domain classification problems.

The research in paper [18] presented an architecture for SLU which has a pre-training method for training deep
learning models. The future work presented in the paper is to build an end-to-end framework where the learning
of the latent class labels from unlabeled data must be handled by the same network. Here the machine learning
model is used for the slot filling task without large manually trained data. The task of the SLU of a dialogue
system is to identify semantic components in user utterances [19]. Bhargava et al. in paper [20] presented a
technique for slot filling and intent detection. In a human-computer interface, there are turns of conversation.
The future scope of this paper is to implement joint modeling of intent and slot determination. SLU task
involves slot filling, intent detection, and semantic frame parsing. Nature language provides meaningful full
properties that give organized logical structure for understanding [21]. Chen et al. presented in paper [22]
proposes to apply information guided primary networks which furthermore fuse topologies by earlier
information, for joint semantic parsing. Words or phrases from the vocabulary are converted to real numbers
which constitute a vector. Word embedding is now the most widely used techniques in speech and language
processing [23]. Celikyilmaz et al. in paper [24] used word embedding with CRF and CRF-CNN network for
sequence tagging task. The experiment results demonstrated improvement in F-score by using the CRF-CNN
technique then only the CRF model. The domain used in the paper is the movie domain. Future work in the
paper is to obtain rich embedding for other domains such as restaurant and transportation. In this paper, machine
learning is used for sequence tagging.

2.2. Techniques for reducing Internal covariant shift:

Deep learning models suffer from the ICS. It is caused due to the change in the distribution of input to each
layer. This reduces the learning speed and decreases the performance of the model. The techniques for reducing
internal covariant shift are batch normalization, cosine normalization, group normalization, layer normalization,
and instance normalization.

2.2.1 Batch-normalization

Batch normalization reduces the ICS. It uniforms the input distribution across the entire batch [25]. The

statistical parameter such as mean and variance are calculated and are used to standardize the input across the
batch.
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2.2.2 Cosine normalization:

Cosine similarity can be used instead of the dot product in the neural network [26]. The results in the paper were
obtained on a text dataset. Cosine normalization was compared with layer normalization, weight normalization,
and batch normalization. Cosine normalization displayed good results.

2.2.3 Switchable normalization:

Switchable Normalization utilizes statistics across batch, channel, and layer [27][28]. There is no fixed
normalization technique used. It utilizes layer normalization, Instance normalization, and batch normalization.
Depending upon the application algorithm decides which technique to use more or less. The sparse switchable
normalization in which ratios are sparse [29].

2.2.4 Group normalization:

Group normalization alternative to batch normalization is proposed in paper [30]. Batch normalization is not
effective if the batch size is small. Group normalization is independent of batch and it divides the channel into
groups.

2.2.5 Instance normalization:

The instance normalization calculates means and variance. It standardizes the input across each channel of
training [31]. Instance normalization applied to style transfer displayed better results than batch-normalization.
Adaptive instance normalization is proposed in literature, which is an extension instance normalization [32].

3. Proposed Methodology:

ICS reduction methods are the most widely used technique in machine learning. These methods have improved
enhanced learning and model performance. The work in this paper investigates ICS reduction methods for SLU.
The proposed methodology is shown in figure 1. SLU maps the user utterance into a logical structure that the
computer can understand. The three inputs to SLU are candidate pair, context, and user utterance. The context is
the earlier interaction of the user. The candidate is predefined slot value pairs. The third inputs are user
utterance. All three inputs are given to the convolution layer. The deep representation from all the three inputs
are extracted. The extracted deep features are standardized to reduce internal covariant shift. This task is
performed at the normalization layer. The next block is the model is of the ReL U activation function. The output
of ReLU is again given to another layer of convolution, normalization, and ReLU. The last layer of the deep
network is max pooling. Deep features of three inputs are obtained. The Neural belief tracker (NBT) [31] model
for SLU is used for investigation. Next candidate slot value pair and user utterance representation are fed to
semantic decoder. The semantic decoder will decide if the user utterance match to candidate slot value pair. The
output of the semantic decoder and context are fed to the summary generator. The output of the summary
generator is given to the softmax classifier. Then the final decision for the slot value pair is done.The experiment
on the proposed model is done with different ICT reduction methods. The methods used for investigation are
batch-normalization, layer normalization, group normalization, switchable normalization, and instance
normalization. The dataset for evaluation is the WOZ dataset. The experimentation was done for three slots area,
food, and price range. Each slot experiment was repeated for a varying quantity of training data. The training
data was selected 20 %, 40%, 60%, 80%and 100%. The learning curve was obtained to evaluate the
performance of the model with different normalization techniques. The evaluation metric used is the detection
rate, F-score, and accuracy. The other parameters for comparison used are time and speed of learning.
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Figure 1 Proposed methodology for SLU

4. Results and Discussion:
4.1 Dataset:

The experimentation is done on WOZ 2.0 datasets. The domain for the dataset is a restaurant. The total number
of dialogues is 1200. The total dataset is split into 600 training data, 200 validation data, and 400 testing data.

4.2 Experimental Setting:

NBT model [33] of SLU is used for experimentation. NBT model incorporating batch normalization, cosine
normalization, group normalization, Layer normalization, and instance normalization is investigated.
Experimentation was done for the two slots area and price range. The model is trained on varying quantities of
training data. The effect of a model trained with different training data on the performance of the model was
observed. The amount of training data is 120, 240, 360, 480, and 600.

4.3 Evaluation Parameter:

Evaluation parameters used for experimentation are f—score, accuracy, and detection rate.
4.4 Results:
Results were obtained for the area and price range slot.
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4.4.1 Results for Area Slot:

Figure 2 displays the F score learning curve for the area slot for NBT with and without normalization. The graph
shows that the improvement in the model with normalization then without normalization. The model with batch
normalization learning curve shows steady improvement in model performance. The highest f—score was
obtained by batch normalization. The first learning curve indicates that the model with normalization has less
variation in F—score as compared to without normalization. The learning curve with a group and instance
normalization has shown the least variation. The second observation is that the generalization of the model with
normalization is better than without normalization. The model with normalization has a better f-score both in the
case of minimum and maximum training data. In the case of minimum training data, the best result was obtained
with model incorporated instance normalization. In the case of the highest training data, the best results were
obtained with batch normalization.

—e— 5LU with Cosine Normalization e SLU with Group Normalization
=== SLU with Layer Normalization —e— SLU without Normalization
=e= SLU with Instance Normalization SLU with Batch Normalization
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Figure. 2 F—score learning curve for the slot area

Table 1 indicates the accuracy of the models with normalization and without normalization. There is
improvement in accuracy with normalization. The highest accuracy is obtained by model with batch
normalization. The least accuracy is obtained by layer normalization.

Table 1. Accuracy

Sr.No Method Accuracy
1 NBT without Normalization 91
2 NBT with Batch Normalization 96
3 NBT with Cosine Normalization 94
4 NBT with Group Normalization 94
5 NBT with Layer Normalization 93
6 NBT with Instance Normalization 94

Table 2 indicates the F—score for the models with normalization and without normalization. The highest F—score
is obtained by model batch normalization. The least F—score is obtained by layer normalization.
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Table 2. F-score

Sr.No Method F-score
1 NBT without Normalization 95.5
2 NBT with Batch Normalization 98.3
3 NBT with Cosine Normalization 97.4
4 NBT with Group Normalization 97.3
5 NBT with Layer Normalization 96.7
6 NBT with Instance Normalization 97.2

Table 3 indicates the time required for the models with normalization and without normalization. normalization.
The table indicates the training time is reduced for a model with normalization. The training time required for
normalization with cos normalization is the least. The maximum training time was required for most models
with instance normalization.

Table 3. Time for training

Sr.No Method Time
1 NBT without Normalization 2645
2 NBT with Batch Normalization 2232
3 NBT with Cosine Normalization 2048
4 NBT with Group Normalization 2520
5 NBT with Layer Normalization 2607
6 NBT with Instance Normalization 2613

Table 4 indicates the detection rate for the models with normalization and without normalization. The detection
rate of the model is improved by normalization. The highest detection rate is obtained by the model with batch
normalization and cos normalization. The least detection rate is obtained by layer normalization.

Table 4. Detection Rate

Sr.No Method Detection rate
1 NBT without Normalization 91.38
2 NBT with Batch Normalization 96.8
3 NBT with Cosine Normalization 96.8
4 NBT with Group Normalization 95
5 NBT with Layer Normalization 93.8
6 NBT with Instance Normalization 94.5

4.4.2 Results for Price range Slot:

Figure 3 displays the learning curve for the Price range slot. The graph shows an improvement in the model with
normalization. The highest improvement was observed with the model with group and batch normalization and
group normalization. The learning curve for batch normalization is smooth and increasing. This displays a good
improvement in model performance. The first observation is there is an improvement in model performance
with normalization. The learning curve for the group and instance normalization has displayed the least
variation. The next observation is that model with normalization has better generalization. In the case of
minimum training data, good performance is displayed by instance normalization. In the case of maximum
training data, good performance is displayed by group and batch normalization.
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Table 5 indicates the accuracy for the slot price range with normalization and without normalization. The results
show that accuracy was improved by normalization. The accuracy was highest for batch normalization. The
least accuracy was for layer normalization.

Table 5. Accuracy

Sr.No Method Accuracy
1 NBT without Normalization 91.8
2 NBT with Batch Normalization 93.8
3 NBT with Cosine Normalization 93
4 NBT with Group Normalization 93.1
5 NBT with Layer Normalization 93
6 NBT with Instance Normalization 93.2

Table 6 shows the comparative study of model performance incorporating different normalization. The
maximum f-score is obtained by group normalization and batch normalization. The least f—score is obtained for

cosine normalization.

Table 6. F—score

Sr.No Method F-score
1 NBT without Normalization 94
2 NBT with Batch Normalization 95.8
3 NBT with Cosine Normalization 95.2
4 NBT with Group Normalization 96.5
5 NBT with Layer Normalization 95.6
6 NBT with Instance Normalization 95.4

Table 7 shows the impact of normalization on training time. Training time is reduced by normalization. The least
training time is obtained by batch normalization and maximum training is required for training with Instance

normalization.
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Table 7. Time for training

Sr.No Method Time
1 NBT without Normalization 2536
2 NBT with Batch Normalization 2172
3 NBT with Cosine Normalization 2215
4 NBT with Group Normalization 2183
5 NBT with Layer Normalization 2216
6 NBT with Instance Normalization 2289

Table 8 shows the impact of normalization on the detection rate. The detection rate is improved by
normalization. The detection rate for batch normalization is maximum and minimum for layer normalization.

Table 8. Detection Rate

Sr.No Method Detection rate
1 NBT without Normalization 93.5
2 NBT with Batch Normalization 95.8
3 NBT with Cosine Normalization 95.2
4 NBT with Group Normalization 95.1
5 NBT with Layer Normalization 89.6
6 NBT with Instance Normalization 95.7

5. Conclusion:

SLU takes part in a significant role in understanding user objectives. To understand user goals, SLU utilizes
deep learning models from machine learning. These machine learning models are affected by the internal
covariant shift. There are techniques in machine learning to reduce the internal covariant shift and improve
model performance. There is a significant improvement in model performance by applying these techniques.

The work in this paper extends ICS reducing normalization techniques from machine learning to deep models in
SLU. Overall performance of SLU was improved by incorporating ICS reducing techniques. The results were
obtained for the area and price range slot. The results were similar for both slots. The F—score learning graph for
both the indicates there is an improvement in SLU performance. The least change in value of F—score for
varying training data was reported with the model with instance normalization for both the slots. The next
observation from the learning curve of both slots is the generalization ability of the model is improved with
normalization. At minimum training data for both slots best results were obtained by instance normalization and
for maximum training, data was obtained by batch normalization and group normalization. In experiments
conducted for both slots, the detection rate was maximum for the model incorporating batch normalization and
minimum for layer normalization. The results show that reducing covariant shifts in SLU results in enhanced
learning and improvement in performance.
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