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Abstract

Conversational interfaces are becoming ubiquitous in an increasing number of application domains as Artificial Intelligence,
Natural Language Processing and Machine Learning methods associated with the recognition, understanding and generation
of natural language advance by leaps and bounds. However, designing the dialog model of these systems is still a very
demanding task requiring a great deal of effort given the number of information sources to be considered related to the
analysis of user utterances, interaction context, information repositories, etc. In this paper, we present a general framework for
increasing the quality of the system responses by combining a statistical dialog management technique and a deep learning-
based intention recognizer that allow replacing the system responses initially selected by the statistical dialog model with other
presumably better candidates. This approach is portable to different task-oriented domains, a diversity of methodologies for
dialog management and intention estimation techniques. We have evaluated our two-step proposal using two conversational
systems, assessed several intention recognition methodologies and used the developed modules to dynamically select the
system responses. The results of the evaluation show that the proposed framework achieves satisfactory results by making it
possible to reduce the number of non-coherent dialog responses by replacing them by more coherent alternatives.
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1 Introduction

Providing easy and natural access to technical systems is a huge challenge. One common way is to
apply graphical user interfaces (GUIs). Spoken Conversational systems (SCSs) surpass conventional
GUIs by enabling communication with the systems through various interaction modes, such as
speech [1, 17, 35, 36, 62]. These computer programs aim to mimic human communication abilities,
encompassing multiple communication modalities. To effectively interact with users, spoken dialog
systems typically perform five key tasks: automatic speech recognition (ASR), spoken language
understanding (SLU), dialog management (DM), natural language generation (NLG) and text-to-
speech synthesis (TTS) [36].

*E-mail: dgriol@ugr.es
**E-mail: zoraida@ugr.es

Vol. 00, No. 0, © The Author(s) 2024. Published by Oxford University Press.

This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License
(http://creativecommons.org/licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any
medium, provided the original work is properly cited. For commercial re-use, please contact reprints@oup.com for reprints
and translation rights for reprints. All other permissions can be obtained through our RightsLink service via the Permissions
link on the article page on our site-for further information please contact journals.permissions@oup.com.
https://doi.org/10.1093/jigpal/jzae045

20z 2unp Lz uo Jesn eosjoliqig - Bpeu.ID ap PepISISAIuN Aq 6/9%99//5709ezl/iedBIl/c601 01 /10p/a (o1 e-00ueApe/jedBifjwoo dno olwapese/:sdiy Woly pepeojumod


http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.1093/jigpal/jzae045

2 Combining Statistical Dialog Management and Intent Recognition

Over time, the performance of spoken conversational systems has shown improvement, expanding
from limited initial applications to more intricate tasks like information retrieval and question
answering [3, 29], e-government services [19, 24, 37], e-commerce platforms [26, 44, 55],
recommendation and guidance systems [4, 41], e-learning and tutoring systems [12, 18, 23], in-
car systems [34, 47], robots and smart environments [10, 28], healthcare [11, 30, 32], security
and inspection systems [9, 60] as well as embodied conversational systems [8, 25]. The global
conversational systems market is projected to grow from USD 525.4 million in 2021 to USD
3858.5 million by 2030, at a CAGR of 24.8% for the period 2022-2030 [38]. The impact and
number of users achieved by recent initiatives such as OpenAl ChatGPT! is a visible example of
the breakthrough of generative Al systems that can produce content on demand and the expected
evolution of the era of conversational systems in the coming years.

However, the majority of commercial task-oriented conversational systems are typically custom-
designed using rule-based dialog models and established standards, which demand developers to
specify precise steps for the system to follow. As a consequence, adapting these hand-crafted systems
to accommodate specific user needs or address new tasks becomes a labor-intensive process [35, 40,
52, 65]. Employing statistical approaches for user modeling and dialog management allows for a
broader range of dialog strategies compared to engineered rules [20, 35, 61].

The key advantage of statistical approaches lies in their ability to be trained on real dialogs,
capturing the variability in users’ different interactions and preferences using the system. Although
the model’s parameters still require expert knowledge of the specific application domain, the
ultimate goal is to develop conversational systems that allow different paths to achieve the objectives,
improve portability and provide an easier adaptation [16, 65].

In statistical conversational systems, the DM component is typically divided into two parts: Dialog
State Tracking and Dialog Policy. These components serve the purpose of updating the dialog state
and determining the appropriate actions to be taken based on the current state [35, 65]. Both of
these models are learned from real human-computer dialog data, which means that statistical DMs
consider multiple hypotheses for the correct dialog state instead of relying on a single hypothesis
[35, 62].

Given that system actions directly impact user experience, the DM plays a significant role in
ensuring user satisfaction [20, 35]. However, the success of statistical approaches greatly hinges
on the excellence and comprehensiveness of the models and datasets utilized during the training
process. Additionally, the size of annotated dialog corpora currently available is often insufficient
for many task-oriented systems to adequately explore the wide range of potential dialog states and
policies. Another critical challenge is dealing with unseen situations not considered during training.
To tackle this issue, it is essential to employ models that are capable of generating suitable system
responses in a generalizable manner, allowing the dialog to proceed satisfactorily.

In this paper, we present a general framework focused on solving these problems and increasing
the coherence of the system responses selected by statistical dialog management models in task-
oriented conversational systems (although it can be also beneficial for rule-based dialog managers).
To do this, we propose a two-step approach which aims at replacing the system action initially
selected by the SDM with a more coherent one.

Our proposal integrates a statistical deep learning-based model that allows to estimate users’
intentions by comparing their utterances with the ones annotated as more coherent for each of the
system responses of the conversational system. The output of the intent estimator is considered to

! https://openai.com/blog/chatgpt/
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select the initial dialog response initially selected by the SDM or replace it by a more coherent
candidate.

This module is based on the use of intents and entities by the SLU component of task-oriented
conversational systems. Intents represent the underlying purpose or goal behind a user’s utterance.
They capture the user’s intention or the action they want to perform (e.g. for the utterance / want
to rent a house in Granada, the intent could be labeled as rent_house). Generally, developers define
the set of intents to be used by the system and supplies a list of examples of utterances that can
express each intent. Intent recognition involves classifying user utterances into predefined categories
or labels that correspond to the desired actions or outcomes. On the other hand, entities are specific
pieces of information or objects that are relevant to the context of a conversation and need to be
extracted from users’ utterances input. They can be concrete things like names, dates, locations or
more abstract concepts like product names, categories or user preferences (e.g. the names of the
cities provided in the previous example).

After this introduction, the remainder of the paper is as follows. In Section 2, related work on
quality of dialog management, intent estimation and user-adapted conversational systems is briefly
described. The main contributions of this paper are the two-step approach for increasing coherence
of statistical dialog management and intent estimation, presented in Section 3. While the framework
is designed to be independent of the actual statistical dialog management approach, we present in
Section 4 a showcase for two practical systems acting in different application domains to evaluate our
proposal and discuss the experimental results obtained. Finally, the conclusions derived and future
research work are presented in Section 5.

2 Related work

Dialog management can be regarded as one of the most challenging tasks for developing spoken
conversational systems, since this module encapsulates the logic of the speech application [35, 56].
Consequently, the core of dialog system engineering centers around crafting a fitting dialog manage-
ment strategy. Diverse surveys offer a thorough examination of dialog management methodologies
and architectures [2, 35, 36].

The optimization and adaptation of dialogs can significantly impact speech applications [35,
36]. Specifically, our focus lies in delving into techniques that assess the suitability of the dialog
manager’s decisions to fine-tune its performance and adopt an improved strategy. To achieve this, it
becomes essential to identify whether there exist better system responses than the ones selected by
the SDM (Statistical Dialog Manager).

The most widespread strategies to evaluate the quality of the system responses are performance
benchmarks and user questionnaires. This way, some authors have used system performance as
an indicator for problematic dialogs. As an illustration, Litman and Pan [31] detected challenging
scenarios in dialogs by examining the performance of the speech recognizer. They use this data to
modify the dialog approach. At the start of each conversation, an initial user-initiated strategy is
employed, bypassing the need for confirmations. However, based on the ASR performance, there
might be a transition to a system-directed strategy that incorporates explicit confirmations

Other authors focus more on the user perception by assessing users’ satisfaction. In the dialog
system community, the most relevant ways to measure user satisfaction are the questionnaires
proposed in the models PARADISE [54], SASSI [21] and ITU-t Rec. P8.51, which are discussed in
detail in [13]. For instance, Gasic¢ et al. [14] employ user ratings to improve the dialog performance.
In the case of a POMDP-based dialog manager, they trained the optimal policy using a reward
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4  Combining Statistical Dialog Management and Intent Recognition

function based on users’ ratings collected with Amazon Mechanical Turk. The results demonstrate
that their method achieves convergence much more rapidly compared to traditional approaches that
rely on a user simulator.

Nevertheless, these methods do not permit real-time adaptation of the dialog flow; instead, they
depend on pre-optimized dialog strategies. To address this limitation, it is feasible to predict user
judgments by analyzing data that describes user-system interactions. For example, the PARADISE
framework assumes that user satisfaction is dependent on task success and dialog costs (e.g. time
to complete the task, number of turns, speech recognition accuracy, percentage of semantic errors
corrected, frequency of user interruptions to the system, etc.), so that it is possible to predict user
judgments based on quantifiable interaction parameters computed from system logs. Similarly, [49]
propose the ‘interaction quality’ metric, which makes it possible to estimate quality exchange-wise,
i.e. not for the whole dialog but up to any point in the interaction. The metric depends on assessments
provided by a group of expert raters about how the user would feel about the interaction regarding
different aspects related to system performance, type of system responses and even whether the user
is acoustically annoyed. Here, it has been shown that using expert raters instead of asking the actual
users provides valid results [53].

Noh et al. [39] followed a similar idea to sort the dialog responses according to their impact on the
dialog history. In order to do that, they measure the similarity between the interaction histories (as
sequences of dialog responses) weighting each response according to the impact on its neighboring
dialog responses. This measure, that they called Discourse Coherence Indicator (DHI), allows to
account for how much the given dialog act restricts the range of possible successors. Li et al.
[27] have recently proposed a dialog-adaptive language model based on the definition of dialog-
adaptive pre-training objectives (DAPO) that uses a simulation of dialog-specific features related
to coherence, specificity and informativeness. A recent proposal to improve response selection by
means of subjective knowledge-seeking dialog contexts and manually annotated responses grounded
in subjective knowledge sources is also described in [66].

Differing from the typical concept of discourse coherence, which assesses the overall coherence of
an entire dialog as coherent or non-coherent [15, 27, 42], our focus is on examining the coherence of
individual system responses independently. This turn-based approach is a requirement for coherence
to be used by the dialog manager for action selection. One challenge here is to compute more
coherent system responses dynamically during the ongoing interaction instead of rating coherence
for a whole dialog in a static and off-line setting.

Another challenge is to find appropriate ways to integrate coherence in the decision making
component. Named Entity Recognition (NER), Intention Classification (IC) are two of the most
important tasks in many information retrieval related tasks applications [22, 35, 63]. A prominent
example is the development of intelligent conversational systems, for which it is essential to correctly
understand the users’ utterances by recognizing the main concepts and values that they provide
(entities) and the tasks or actions they want to perform (intents).

IC can be performed by measuring the similarity between the present user utterance and the
collections of example utterances addressing the diverse intents established within the conversational
system. The results of this comparison can be used to then select the response associated to the most
similar system intent. This problem can treated as a specific classification task that must deal with
colloquial utterances with slangs, ellipses, abbreviated words, anaphoras, interjections, etc. RNN-
based, attention-based, CNN-based, GNN-based and Transformer models are currently employed
given the accuracy of intent recognition results they provide [22, 46, 58, 63, 64].

The main objective of the problem of measuring semantic similarity between sentences is to
compare two texts and conclude whether they have a similar meaning [33]. This is a problem of
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great complexity due to the ambiguity of language and the fact that sentences that share many
words in common may have very different semantic contents and vice versa. Although this is a
historical problem within the field of PLN, recent advances in the fields of Artificial Intelligence,
Machine Learning and Natural Language Processing have devised new algorithms that are providing
very good results. Some of these algorithms receive as input the texts to be compared and provide
as output a numerical measure indicating semantic similarity. Other methods use embeddings to
represent the words by numerical vectors and measure the semantic similarity through the distance
(e.g. row-wise cosine similarity) between the vectors that represent them.

The methods for computing semantic similarity can be classified into those classical methods
that do not take into account the context in which each word appears (e.g. Jaccard similarity, the
Count vectorizer and TF-IDF Vectorizer) and more recent contextual deep learning methods such
as Bidirectional Encoder Representations from Transformers (BERT),> XLNET [59] or Generative
Pre-trained Transformers (GPT).?

Bag-of-words methods are based on extracting text features and representing them by numerical
embedding vectors, for which cosine similarity is computed. Jaccard Similarity takes into account
the number of unique words in common in the texts being compared. The measure is normalized
by taking into account the total number of unique words in the combination of the texts that are
compared. Among these methods, Count Vectorizer* and TF-DIF Vectorizer’ stand out. Their main
disadvantages are associated with the dimensions of the generated vectors and the number of not
relevant components since most of the words do not appear in most documents.

The Count Vectorizer algorithm represents each unique word in the entire corpus by a single
vector index. The vector values for each document are the number of times each specific word
appears in the text (i.e. integer values including 0). The TF-IDF algorithm tries to overcome the main
disadvantage of Count Vectorizer in considering all words equally important without taking into
account their semantic content. In this algorithm, each unique word in the corpus is also represented
by a single vector index, but the vector components for each word are calculated by the product of
two values. Term Frequency (TF) corresponds to the frequency of occurrences of a word within a
document, denoting the importance of each word. The Inverse Document Frequency (IDF) is the
inverse logarithm of the fraction of documents in which the word appears, representing how frequent
the word is in the entire corpus.

The Word Movers Distance (WMD) method [48] uses word embeddings to try to overcome the
disadvantages described for the two previous methods. There are different ways to generate these
embeddings, the most notable being Word2Vec, Glove and FastText. WMD represents the smallest
distance that separates the word embeddings of a given document from the word embeddings of the
document to be compared.

Contextual methods usually provide higher accuracy in the similarity measure. The Universal
Sentence Encoder (USE) method is based on a model based on Transformers pre-trained by Google.
It is available in open source at Tensorflow. This model can be used to compute the contextual
word embeddings for each word in a sentence. The element-wise sum of all word vectors is then
used to compute the sentence embedding. The semantic similarity is given by computing the cosine
similarity of the sentence embeddings.

2https://ai.googlcblog.com/ZO 18/11/open-sourcing-bert-state-of-art-pre.html

3 https://paperswithcode.com/paper/improving-language-understanding-by

4https:// scikit-learn.org/stable/modules/generated/sklearn.feature_extraction.text.CountVectorizer.html
3 https://scikit-learn.org/stable/modules/generated/sklearn.feature_extraction.text. TfidfVectorizer.html
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6 Combining Statistical Dialog Management and Intent Recognition

In 2018, Google introduced BERT as a neural network-driven approach for pre-training models
[6]. Unlike methods like word2vec or GloVe, which create individual word representations, BERT
considers the contextual nuances of each instance of a particular word through pre-training. To do
so, it uses Masked Language Modeling (MLM) to allow the BERT model to learn the existing
relationships between words in the language. BERT can be used as a Cross Encoder by incorporating
a classification head to the output of the BERT model. The Cross Encoder model has the documents
to be compared as input and generates the similarity probability as output.

Metric Learning can also generate embeddings for applications related to semantic similarity.
In this method, a neural network, such as BERT, is used to convert texts into embeddings. The
embeddings are constructed in such a way that those representing similar words are close in vector
space. After training the model, the similarity between texts is calculated by computing the cosine
similarity between their corresponding vectors.

Sentence Transformers (SBERT) [45] use BERT and its variants as a base model. They are pre-
trained using the contrastive learning metric, which measures the similarity between two embeddings
(0 or 1). Since these models require a large number of samples for training, for the work presented in
this paper we have pre-trained a model using the sentence-transformers library. For each sentence in
the training set we compute its contextual word embeddings using a pre-trained BERT model as an
encoder. Then, Mean Pooling process is performed to calculate the element-wise average of all token
embeddings and obtain a one-dimensional sentence embedding for the complete text. The model is
trained with a Siamese Network architecture with contrastive loss. The cosine similarity between the
embeddings representing the texts is computed.

In the proposal presented in this paper, we have completed a comparative assessment of the main
methodologies previously described for intent classification. We have selected the methodology that
provides the best results for the specific corpora used for the evaluation, so that the result provided
by the intent recognition model can be used to modify the response initially selected by the SDM
trained from the dialogs of the task in those cases in which its coherence can be increased.

3 General description of the proposal

The main objective of our proposal is to enhance the results of a dialog manager by allowing to
choose a possibly better system response when the one selected with highest probability by the DM
is lower than a specific threshold. With this aim, we propose to carry out dialog management in two
steps as shown in Figure 1.

In the first step of our proposal, the statistical DM produces an n-best list containing possibly
suitable next system intents (i.e. responses), expressed in terms of dialog acts (DA4) [S1]. A dialog
act refers to the intention or function behind a particular utterance or speech act in a dialog. It
represents the communicative purpose of a speaker’s turn (e.g. making requests, giving information,
asking questions, expressing opinions, acceptance or rejection, etc.).

The statistical dialog management methodology that we have used to evaluate our proposal is
explained in [7, 20]. This methodology uses a data structure, called Dialog Register (DR), for Dialog
State Tracking. The DR contains information about the entities provided by the user during the dialog
and represents the current dialog state. This data is encoded by only considering whether the user
has supplied a value for a particular intent or entity, without considering the specific values of the
entities itself. The value ‘0’ is used when the entity or intent is unknown or the value is not given. To
make decisions regarding whether the state of a particular value in the DR is ‘1’ or ‘2°, the system
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FIGURE 1. Schematic overview of our proposal.

relies on confidence scores supplied by the ASR and SLU modules to use a ‘1’ when the value of
the associated score is higher than a given threshold and a ‘2’ if it is lower.

For the LEGO corpus (see Section 4.1), the entities considered for the DR are arrival, departure,
busRoute, time and the concepts are yes, no, help, repeat, start, goodbye. Table 1 shows the state of
the DR with a sample dialog from the corpus. In the DR, each slot has the option to be marked with
either ‘1’ or ‘0’ to indicate the active or inactive status of the corresponding intent. The same rule
applies to entities. However, entities have an additional option to use the value ‘2” when the attribute
value provided to the system requires clarification or validation from the user.

Using this representation of the dialog state by means of the DR, the following equation is used to
select the next system action by the SDM:

DA; = argmax P(DA;|DR;, DA;_) (1)
DA,’G'D.A
where the updated DR at time i and the intent selected by the DM in the previous turn (D4;—_1)
are considered to decide the next system intent (DA4;). This equation can be solved by means of a
classification process, which takes the codification of the current dialog state as input (denoted by
the pair DR;, DA;_1) and the output of the classifier is the probability of selecting each of the system
intents given this dialog state.

The classification function can be defined in several ways [7]. We have used a wide variety
of traditional machine learning models and architectures: K-Nearest Neighbors (KNN), logistic
regression, decision tree, gradient boosting and Multilayer Perceptron (MLP). Five Multilayer
Perceptron architectures have been considered, varying in the number of hidden layers from one
to five. In each of these architectures, the hidden layers use a linear activation function, while the
output layer adopts a sigmoid activation function.
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Deep learning architectures utilizing convolutions were initially considered, but eventually
rejected as they proved unsuitable for the dataset format used in this task. While Convolutional
Neural Networks (CNNs) are adept at creating high-level data representations with a spatial inductive
bias, the 1-D vector coding representation we designed does not align well with such architectures
and, consequently, offers limited potential for their application.

In the second step of our proposal, an intent recognition model is used to decide whether to select
as system response the intent selected by the DM in the first step or an alternative one. To develop this
model, we have evaluated the main methods described in Section 2. With respect to non-contextual
methods, we have evaluated Jaccard Similarity, Count Vectorizer and TF-IDF algorithms. Jaccard
Similarity has been computed for N-grams (w-shingling) using the Python textdistance library.® The
Count Vectorizer and TF-IDF algorithms have been implemented using the sklearn library.

The Fast WMD algorithm of the gensim library’ has been used to efficiently calculate the distance
between one word and all the others. In our work we have used a model of FastText word embeddings
pre-trained with Wikipedia texts, in order to avoid Out of vocabulary problems using Word2Vec or
Grove methods.

Regarding contextual methods, we have evaluated the Universal Sentence Encoder (USE) method,
the use of Bidirectional Encoder Representations from Transformers (BERT), the Metric Learning
methodology, Sentence Transformers (SBERT) and SVM classifiers. The USE pre-trained model is
available in open source at Tensorflow.® The sentence:transformers library has been used to use the
open-source Cross Encoder BERT and SBER Bi-Encoder pre-trained models.

Finally, our proposal uses these two steps to select the system intent according to an estimation
of the coherence provided by the SDM regarding the current dialog situation and the estimation
provided by the intent estimator according to the results of the semantic similarity between the
utterances. We propose to use the procedure described by the following if-clause to select the next
system dialog act:

DAsy <« statical _dialog_management()

DAs, < intent_estimator(DAs)

if (DAs1[0] = DAs2[0] OR Prob(DAs1[0]) > «) then return DAs[0]
else return DAs,[0]

end if

If the best dialog act chosen by the SDM is the same that the best one provided by the intent
estimator or its probability is equal or higher than a given threshold, then this dialog act is selected
as the next system response, in other case, it considers a more coherent alternative from the n-best
list provided by the intent estimator.

This approach can be seamlessly applied to various application domains and allows for the
utilization of a wide range of dialog managers and automatic coherence estimation techniques. As
a result, it can be readily incorporated into existing systems with one simple requirement: both the
DM and the intent estimator must generate an n-best list of system responses.

6https://pypi.org/proj ect/textdistance/
7https://radimrehurek.com/ gensim/auto_examples/tutorials/run_wmd.html
8https://www.tensorf low.org/hub/tutorials/semantic_similarity_with_tf hub_universal_encoder
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4 Experiments and evaluation results

In this section we describe the different dialog systems for which our proposal has been applied
and evaluated (Section 4.1), the process and measures defined for the evaluation (Section 4.2) and
the results of the evaluation of the statistical dialog manager, the intent recognizer and the overall
proposals (Sections 4.3, 4.4 and 4.5).

4.1 Experimental dialog systems

The LEGO corpus originates from interactions with the ‘Let’s Go Bus Information System’ at
Carnegie Mellon University in Pittsburgh [43]. This spoken dialog system, which offers bus schedule
details for Pittsburgh, was made available for the public in 2005, achieving 20,000 calls from March
to December 2005 [43].

We have chosen the Let’s Go task for assessing our proposal, driven by two key considerations.
Firstly, the corpus was acquired through an operational dialog system serving actual users. This
presents a challenge in devising novel dialog strategies capable of surpassing the efficacy of the
manually crafted dialog model. Secondly, Let’s Go stands as a widely acknowledged benchmark
in the dialog system community for experimentation and evaluation [50, 57]. For evaluating the
suitability of our approach, we utilized the LEGO corpus [50]. This dataset encompasses 200 calls,
comprising 4,885 exchanges between users and the ‘Let’s Go Bus Information System’, all recorded
in 2006.

On the contrary, DI@L-log serves as a spoken conversational system explicitly crafted for
obtaining at-home monitored data from individuals with type 2 diabetes [5]. Users provide their
weight, blood pressure (both systolic and diastolic measurements) and blood sugar levels. The system
then verifies and assesses this data, promptly providing patients with feedback regarding their present
health condition. Furthermore, it transmits the outcomes to medical professionals, enabling them
to track the patient’s advancement and address system-generated notifications concerning unusual
variations. The entities defined for this task are related to the specific information pieces that the
system requires (e.g. Weight, Sugar, Systolic Pressure and Diastolic Pressure). The set of system
intents encompasses those necessary for asking and confirming this data, providing information on
the values provided, conveying possible alerts and handling welcoming and farewell interactions.
Our experiments utilized a corpus of 300 dialogs to evaluate our proposal.

We have chosen the DI@L-log task to evaluate our proposal since these dialogs were acquired
following different strategies: a system-driven strategy in which the dialog system queries the user
entity by entity; a mixed-initiative strategy in which the user can provide additional entities not
explicitly requested in the current query; and a user-initiative strategy in which the user can provide
more than one entity at any time and in any order. Thus, it is possible to use this task to evaluate our
proposal with the full set of strategies defined for this system.

4.2 Process followed for the evaluation

We split the LEGO and DI@L-log corpus for training and testing performing a random 80/20 split.
Subsequently, we conducted a 5-fold cross-validation phase for each task, using the cross-entropy
loss to identify the optimal values for the optimizer and model hyperparameters. Specifically, the
following settings were established:

e For the KNN algorithm, we considered five neighbors.
e The function used to assess the quality of decision tree splits was entropy.
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TABLE 2. Results of the SDM for the LEGO and DI@L-log corpora

LEGO task DI@L-log task
Model Accuracy p-value against best Accuracy p-value against best
Logistic regression ~ 0.796 1.6-1071 0.873 1.5-1071
KNN 0.786 1.2-10713 0.871 1.9-1071°
Decision Tree 0.828 - 0.909 -
Gradient Boosting ~ 0.819 13-1071 0.908 141071
MLP 1 hidden 0.793 1.3-10713 0.888 1.5-1071
MLP 2 hidden 0.783 1.3-10713 0.873 1.5-1071
MLP 3 hidden 0.791 2.6-1077 0.875 2.1-1077
MLP 4 hidden 0.793 7.9-10710 0.876 6.5-10710
MLP 5 hidden 0.794 8.7-1014 0.876 6.6-10714

e Each MLP model was configured with the ADAM optimizer, no L2 regularization penalty and
256 neurons per hidden layer.

e Learning rates were set as follows: 0.0005 for MLPs with 1 and 2 hidden layers, 0.0001 for
MLPs with 3 and 4 hidden layers and 0.00005 for the one with 5 hidden layers.

e The number of training epochs was set to 200 for MLPs with 1 and 2 hidden layers, and 300 for
the rest.

To evaluate the performance of the statistical dialog manager and the intent estimator, we utilized
two metrics: accuracy and F-score. The accuracy metric indicates the percentage of turns in which
the DM or intent estimator’s top hypothesis matches the reference answer in the corpus. To assess
the statistical significance of the evaluation metrics, we conducted a paired t-test, comparing the
results of different models. This analysis allows us to determine whether any observed differences
in performance are statistically significant.

4.3 First step. Evaluation of the statistical dialog manager

Table 2 describes the results obtained for the different classification functions evaluated for the
statistical dialog manager. For the LEGO task, we can observe that the best performing model is the
decision tree. We report a 1-best guess rate of 82.8%, which is statistically supported by the paired
t-test. This model’s micro-averaged precision, recall and F1-score are 82.20%, 82.76% and 82.50%,
respectively.

For the DI@L-log task, the best performing model is also the decision tree, with slightly
differences with the results obtained using Gradient Boosting. We report a 1-best guess rate of
90.9%, which is also statistically supported by the paired t-test. The main errors in the selection
of the system responses have been detected given the difficulties found in the statistical DM to
successfully distinguish among the previously described range of strategies used by the users to
provide their responses in this dialog system.

4.4 Second step. Evaluation of the intent estimator

Table 3 describes the results obtained for the different methods evaluated for the intent estimator. We
can observe that the SBERT Cross Encoder has the best performance for both dialog tasks, followed
closely by SBERT Bi-Encoder. The results obtained are better than the ones provided by Jaccard,
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TABLE 3. Results of the intent estimator for the LEGO and DI@L-log corpora

LEGO task DI@L-log task
Model Accuracy F-score Accuracy F-score
Jaccard_score 0.709 0.708 0.823 0.821
TFIDF_cosine score 0.649 0.645 0.776 0.774
NegWMD_score 0.702 0.701 0.814 0.813
USE_ cosine score 0.701 0.700 0.812 0.812
SBERT CrossEncoder_score 0.798 0.797 0.869 0.868
SBERT BiEncoder_score 0.779 0.777 0.854 0.852

TABLE 4. Results of the intent estimator for the LEGO and DI@L-log corpora

Combination of the SDM and intent estimator Accuracy F-score
LEGO task 0.864 0.862
DI@L-log task 0.953 0.952

TFIDF, WMD and USE methods. These results show that considering the context of the words is
very important for the two dialog tasks and the domain of the words generally employed by the users
are common English language.

4.5 Overall evaluation of the proposal

Finally, we have assessed our proposal according to Figure 1, selecting from Tables 2 and 3 the best
options for the implementation of the statistical dialog manager and the intent estimator. Table 4
shows the result obtained for the assessment of our proposal. As it can be observed, the combination
of the SDM and the intent estimator following our proposal allows for improving the accuracy
results achieving an accuracy value of 86.4% for the LEGO task and 95.3% for the DI@L-log
task, improving the best results provided by both modules. A manual review of the selected system
responses in both dialog tasks allowed us to see that also many of the 1-best non-coherent dialog acts
first selected by the dialog manager were corrected.

In more complex domains, our proposal is expected to have a greater impact on dialog systems.
Such systems often face challenges in defining a well-performing set of rules, leading to potentially
lower overall coherence. In contrast, systems utilizing statistical methods for policy creation tend to
perform better in complex domains. To illustrate this, consider an example dialog from the LEGO
task (see Figure 2), where the SDM selects a non-coherent system response. However, through the
re-ranking process based on our two-step dialog management approach, a more suitable system
response is chosen. This showcases the potential of the re-ranking process to improve the selection
of the system responses.

5 Conclusions and future work

Statistical dialog management poses several advantages over rule-based conversational systems,
including portability, flexibility and dynamic adaptability. However, due to their unpredictable
nature, they may behave in ways that are unexpected at times. This makes it difficult for the user
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System Welcome to the CMU Let’s Go bus information system. What can I do for
you? (SDA Welcome)

User CAN USE 16B FROM TELL ME TO DOWNTOWN PITTSBURGH

System Going to DOWNTOWN PITTSBURGH. Is this correct? (SDA Con-
firm_destination)

User YES

System Okay. Where do you wanna leave? (SDA Ask_for_origin)

User DOWN YES

System For example, you can say, FORBES AND MURRAY, DOWNTOWN, or MC-
KEESPORT. (SDA Ask for_origin)

User TOWN YES

Sys. (Non re-ranked) (SDA Confirm_origin)

Sys. (Re-ranked) Which neighborhood do you want to leave from? (SDA

Ask_for_origin_neighborhood)

FIGURE 2. A dialog example that highlights the contrast between using only the SDM or employing
a second step re-ranking with the intent estimation. Towards the end of the dialog, the SDM selects
the DA Confirm_origin. However, after applying re-ranking based on intent estimation, the DA
Ask_for_origin_neighborhood is chosen instead.

to anticipate their responses. In this paper, we have presented a general-purpose framework to select
the best system response in two steps: first, the dialog manager produces a list of the n-best dialog
acts for the current dialog state, then an intent estimation module computes the coherence of each
alternative. Our proposal uses these two steps to select the most coherent dialog response according
to the results provided by these two modules. This approach is independent of the domain, the actual
dialog manager used and how coherence is computed.

To evaluate our proposal we have used two task-oriented dialog systems interacting in different
application domains. The experimental results using two corpora acquired for these systems show
that our technique made it possible to achieve an accuracy over 86% and 95% of correctly provided
system responses for the LEGO and DI@L-log dialog systems, respectively, reducing the number of
non-coherent dialog responses initially selected by the SDM.

As the approach is designed to apply to all sorts of dialog management systems (which provide
an n-best list of system dialog acts), for future work we are interested in testing our approach with
other dialog managers in different domains. How our proposed method behaves in a live system
interacting with real users should also be investigated in future work. Here, we expect our method to
have a positive influence on the interaction performance as it has been shown to increase the overall
quality of the system responses.
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