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Abstract—This work presents a novel method to extract
sub-structures in dialogues for the following genres: human-
human task driven, human-human chit-chat, human-machine
task driven, and human-machine chit-chat dialogues. The model
consists of a novel semi-supervised annotation schema of syntactic
features, communicative functions, dialogue policy, sequence
expansion and sender information. These labels are then trans-
formed into tuples of three, four and five segments, the tuples
are used as features and modelled to learn sub-structures in
above mentioned genres of dialogues with sequence-to-sequence
variational autoencoders. The results analyse the latent space of
generic sub-structures decomposed by PCA and ICA, showing
an increase in silhouette scores for clustering of the latent space.

Index Terms—Variational autoencoders, Attention Layer, Di-
alogue sub-structures, Conversation Analysis, Dialogue control
functions, Dialogue Policies, LSTM, Hierarchical Agglomerative
Clustering

I. INTRODUCTION

Commercialisation of technology (virtual and physical) ca-
pable of interacting in natural language such as chat-bots and
home assistants [1], [2] has accelerated the research domain of
dialogue management systems (DMS). In order for these DMS
systems to establish and succeed in the human society, we need
to start advancing towards building strategies that are domain
agnostic such that DMSs can manage versitality (for instance
sudden changes of topics) and complexity (introduced by
errors and miscommunications) that human participant might
introduce while interacting with a machine.

This work assumes that dialogue sub-structures can partially
provide a solution for DMS to managing change of topics and
miscommunications. Hence, the over-arching goal of our work
is to build domain agnostic strategies for DMS systems capable
of managing topic change and miscommunication. To this end,
exploration of dialogue sub-structures for English language
that can be generic for multiple domains (currently the focus
is on task-driven/chit-chat human-human and task-driven/chit-
chat human-machine dialogues) has been performed.
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So far the research community has explored structure in
dialogues for specific domains [3]-[5] or with a specific
schema [6], [7] relating to a research objective. In this work we
want to investigate if we can decode dialogue sub-structures
that are generic for multiple domains and are longer than
two turns. The above question is investigated and we answer
it in two stages: (i) by proposing a novel generic schema
for annotating dialogues from four different genres and (i)
training a sequence to sequence variational autoencoder model
(Seq2SeqVAE) that decodes dialogue sub-structures for 3 — 5
turns.

The main contribution of this work is two-folded: (i) a
generic and flexible annotation schema allowing the annotation
of dialogue corpus for diverse genres. (ii) a Seq2SeqVAE
model with attention layer is provided for generating generic
and long sequences of dialogue sub-structures.

The rest of the article is structured as follows: Section II
provides related work and necessary background. Followed
by the method Section III, highlighting the approach on the
proposed research gap on modelling generic dialogue sub-
structuring. Section IV presents the statistical and empirical
results of Seq2SeqVAE. Section V concludes the article with
some discussion and future work.

II. RELATED WORK AND BACKGROUND

Conforming to the ideas of [6], [8], we believe generic
sub-structures in dialogues can be utilised for building DMS
strategies capable of managing dialogue complexity (long
distance pronoun resolution, topic shifts, and multiple commu-
nicative functions introduced with-in a single turn) of human
participants.

Interest in exploring dialogue structures can be traced back
to [3], where the authors proposed to learn tree like inten-
tion structure in task-driven dialogues, using VERBMOBIL
corpus [9]. A grammar induction algorithm was proposed in
combination with plan recognition for parsing the annotated
context-free grammar trees. Authors in [10] explored improve-
ments of adding the last dialogue act of a participant to re-
inforcement learning based DM strategies. They implemented
and tested the system for three flight booking systems. The
authors in [4], presented a structural analysis of task driven
dialogues with dialogue acts, topic and a task type. They



conducted experiments on sub-structure of dialogues with
chunk-based, parse-based and hierarchical methods. The work
in [7] models expectation in DMS by structuring dialogues
using adjacency pairs [11]. In [6], the authors proposed a two
step methodology of extracting two dimensional sub-structures
in dialogues, followed by clustering them. Authors in [§]
demonstrated the significance of dialogue sub-structuring for
building domain agnostic dialogue models using CA. They
explored sequence expansion and developed an annotation tool
with CA and dialogue control functions to annotate dialogues.
Our work is in close line with [12], [13], however, is more
directed to exploration of computational models for conversa-
tional analysis (CA) as in [8], [14] and using an unsupervised
method as in [6]. This work is novel in at-least two aspects;
first we use a semi-supervised annotation schema for CA
with tri, four, five-grams compared to manual labelled uni-
grams or ‘raw’ bi-grams as input in the previous works. Other
contribution is a generic schema for dialogue annotation and
Seq2SeqVAE with higher generalising capability compared to
specific annotation schema, and clustering method in [6].
The sociological domain of conversation analysis (CA) [15]
provides sub-structuring schema directly applicable to dia-
logues. The primary assumption in CA is that dialogues have
sequential organisation and a brief over-view is provided next.

A. Sequence Expansion (SE)

Sequence expansion (SE) [16] in CA focuses on the place-
ment of an utterance, within a dialogue, in order to under-
stand the meaning and significance of the performed action
relevant to the dialogue. According to conversation analysis
(CA) [15], dialogues are a composition of units produced
sequentially, using turn construction units (TCU) of verbal
and non-verbal cues with reflexive relationship between the
prior and the following TCUs (for simplicity this work uses
utterances and TCUs synonmously). The base form of TCUs
are formally known as adjacency pairs [11] with first pair
part (FPPys.) and second pair part (SPPy,se). Instances
of commonly found adjacency pairs are greeting-greeting,
request-accept/reject, offer-accept/reject, question-answer. The
characteristics of adjacency pairs; is to be composed of two
turns, produced by different speakers, and relatively ordered
to form a pair. SE relaxes the order of adjacency pairs by
have a preceding (FPPy,.., SPPp,.), intervening (FPP;y sy,
SPP;,scrt) and/or a follow expansion (FPP,s, SPPpost)

Table I provides a sample of a chit-chat dialogue from
our corpus, labelled with SE and dialogue control functions
capturing the multi-functional and multi-turn nature of di-
alogue sub-structures. In Table I the first part of adjacent
pair denoted by FPP,,s. was not followed by its second
pair, then the dialogue continues with Human2 using multiple
communicative functions F PP;, .+ to understand the real
question by Humanl, to which Humanl1 in the second last in-
stance provides a positive feedback together with a re-formed
question F'P P, . which is addressed finally by Human2 with
an answer SP Py,s.. The next sections provide details about

the method employed in this work and the novel annotation
schema.

III. METHODOLOGY

Our method consists of following steps 1) corpus creation
2) data pre-processing 3) data annotation 4) training the
annotated data on the baseline models, and 5) training the
annotated data on variational autoencoder models.

A. Corpus

Our corpus consists of a total of 89 dialogues and 5268
utterances, of which 44 were synthetically created dialogues
between a human (H) and an agent (A) I The agent A is
assumed to be either a physical robot or a virtual assistant. The
corpus consists of the union of four main dialogue sources:
synthetic dialogues, DialogBank, DBDC3, and transcribed
dialogues illustrated later in the section.

Synthetic dialogues are hand-crafted dialogues contextual-
ized in an envisioned scenario where A is situated inside the
house of H as a companion robot assisting in tasks. These tasks
are meal cooking, calendar reminders such as calls, visitors,
medicine intake, physical exercise, yoga sessions, and cogni-
tive exercise sessions, playing board games, giving instructions
for computer or physical games, ordering food online, assisting
with garbage disposal, helping select a suitable garment online,
and casual talks such as choosing a hair-cut or why to do
physical exercise.

From DialogBank [17]15 samples were selected, this cor-
pus came already annotated by gold-standard ISE 24617-2
schema. Out of 15, there were 3 task-driven dialogues from
MapTask [19], 4 chit-chat dialogues from Switchboard [20],
5 task-driven dialogues between human and a conversational
agent from D-Box 2 and 3 dialogues from Trains corpus [21].

DBDC3: 28 dialogues were selected from dialogue break-
down detection challenge (DBDC3) [18], consisting of both
chit-chat and task-driven conversations between a human and
a chat-bot.

Transcribed: the corpus also consists of 2 transcribed dia-
logues between one of the researcher and the two colleagues.

We further categorised the dialogues from these different
sources into four genres considered: 3 Human-Human task-
driven dialogues from Map Task; 6 Human-Human chit-chat
transcribed dialogues from Switchboard corpus; 46 Human-
machine task-driven dialogues from DBDC3, Trains, D-Box,
and Synthetic corpus; 34 Human-machine chit-chat dialogues
from DBDC3 and Synthetic corpus. Even though the corpus
may seem biased towards human-machine dialogues however,
the sample of utterances for each genre were nearly balanced
because average size of human-human dialogues was ~ 500
turns compared to human-machine with number of turns ~ 40.

IThe authors are well aware of the limitation that a small corpus imposes
on deep learning models in general. However, we have made sure that
the corpus is diverse enough and contains samples from publicly available
sources (DialogBank [17], DBDC3 [18]) and real world (transcribed dialogues
mentioned later). The statistical results and the manual analysis indicated as
you would be reading later in the article that the model’s performance was
significantly good even though the training data was comparatively small.

Zhttps://www.idiap.ch/project/d-box



Utterance Segments

Dialogue Control Functions, SE

if its not too general for a question

Human?2: that is a very good question

i m not sure if i can answer it

give me just a second

not sure that i can fully answer that question

Humanl: okay

can you name one thing that many people know that you did
Human2: mh

Humanl: what are you most known for in history of humankind?

i was married to two kings and i participated in the second crusade while queen of France.

Question, F'PPyyse

Inform, FPPjnsert

Positive Feedback, SPP;nsert
Inform, FPPjysert

Turnkeep, F'PPipsert

Inform, FPPipsert

Positive Feedback, SPP;nsert
Question, F'/PPygse
Turnaccept, FPP;y,sert
Answer, SPPygse

TABLE I: In the dialogues from our corpus, highlighted that questions are answered differently for instance with a confirmation
or answered way later, or are preceded or succeeded by other dialogue control functions as illustrated in above example.

B. Labelling Method

Among the main contributions of this work is a generic
sub-structuring schema presented in Figure 1 that uses specific
syntactic features, dialogue control functions and policies, and
sequence expansion.

The motivation behind creating this schema came from
the knowledge gap that the authors identified in the dialogue
community, regarding the lack of standardisation of annotation
schema and that can be generic enough. This work instead
claims that our proposed schema can be consistently used for
any domain and dialogue scenario (human-human or human-
machine.)

We assume, based on previous works [22], [23] that dia-
logues are not just spoken words but they have dimensions
including, but not limited to syntax, semantics, communica-
tive, emotive, organisational, and intention. The abstraction
level of these dimensions is also at incremental levels. For
example a dialogue consists of turns, guided by communicative
actions and some other conversational norms. Each turn has
one-to-many relationship with utterances, which can further
be divided into lexical and non-lexical items. Hence, from a
single lexical or non-lexical item we can only abstract the
syntax, many such syntax values make up a segment. From
such segments we can abstract syntactic relations and the
communicative action they perform on behalf of the dialogue
participant (also, semantics can be extracted at this stage).
An organisation of such segments can be used to abstract the
policies they might be using and the sort of sequences they
form. Since, the abstraction of different dimensions needs to
be performed at different levels, a hierarchical schema was
most suitable, as also indicated in [24].

Next, pre-processing of the corpus was performed by re-
moving punctuation marks and special symbols, followed by
the segmentation of each utterance in a dialogue following
ISE24617-2 [17] to units called segments i.e. the longest
stretch of verbal (but, okay, yes, fine, why, what) or non-verbal
cues (laughing, hmm, umm.)

At the first stage of the labelling procedure (Figure 1),
each utterance is decomposed into segments. For example,
each line in Table I is a segment and has an associated
dialogue control function. At the second stage of labelling, we

label each segment with dialogue control functions and extract
syntactic features, such as through dependency parsing. Since
some syntactic features are very sparse in dialogue segments,
we filtered words based on their dependency or POS tags:
(interjections) such as okay, oh, hmm, (adverbs) such as why
and how and (nouns) such as what, and graphs of (subject-
object-verb) and auxiliary verb.

At the third stage dialogue control functions are present
together with the extracted syntactic elements and graphs.
These combined dialogue features are then labelled with one
of the categories of sequence expansion (SE) as explained in
Section II and novel dialogue policies that we proposed in this
work. We claim that SE components can allow the connection
between dialogue control functions, which results into longer
sequences.

At the same level of SE, this work uses dialogue poli-
cies [25], that can allow to understand the nature of the
dialogue control functions in terms of the demand they pose on
the addressee. The three dialogue policies are: (i) co-occurring
policy: where dialogue control functions for example turn
taking, stalling, inform, and correction occur together with a
question, suggest, or request without requiring an addressal.
(ii) Binding policy: when a dialogue control function binds
the addressee to respond with another specific dialogue con-
trol function, for instance questions, greetings, request, offer,
instruct bind the address to answer them appropriately. (iii)
Progressive policy: when a dialogue control function allows
the addressee to change the topic, or even end the dialogue,
for instance in case of inform, answer, accept, confirm, agree,
disagree etc.

The above explained features together with sender informa-
tion are used as sequences(tri, four, five-grams) with a vari-
ational autoencoder model to evaluate whether such models
are capable of generating generic long sequences representing
dialogue sub-structures. We assume dialogue control functions
as the baseline schema with which our schema could be
compared with. The experiments ran on different selection of
labels and also on the entire schema.
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Fig. 2: Architecture of the Seq2SeqVAE with attention layer.

C. Variational Autoencoders (VAE)

Autoencoders (AE): [26] are a family of unsupervised
learning methods used for learning corpus representation for
transfer learning [27], and sequence to sequence learning.

In essence AE copies its input to the output with minimum
distortion. Its hidden layer h is an encoder function h = f(z)
and the output is a decoder function r = g(h). Seq2Seq
autoencoder (Seq2SeqAE) allows the mapping of a fixed
sequence of input with fixed sequence of output, with vari-
ation in input-output length. It can be constructed with three
components: an encoder, intermediate encoder and decoder.

This work uses a varient of AE, namely sequence to
sequence variational autoencoders (Seq2SeqVAE). It comes
with a regulariser that reduces the chances of over-fitting
during the training phase, where it encodes the input sequence
as a distribution over the latent space, and the decoder samples
a single point from it. The sampled point is decoded, recon-
struction error is computed and then back-propagated to the
network. Our Seq2SeqVAE is complemented with an attention
layer to build the context during encoding of the sequence data
and then providing that context to the decoder enabling it to
focus on specific aspects of the encoded data while generation.
The Seq2SeqVAE architecture used for this work is depicted
in Figure 2, where sequence of features from our annotation
schema is used as input to the model, encoded with the LSTM
layers. The attention layer starts working with the encodings
at time ¢ 4 1 and accumulates the important information from
LSTM layer, the variational layer create a distribution of the
encoding, finally the decoder selects the input and generates
the output with sequences.

D. Baseline Models

As baseline we use hierarchical agglomerative cluster-
ing (HAC) and a basic sequence to sequence autoencoders
(Seq2SeqAE). A Seq2SeqAE is an encoder with a stack of



LSTM layers [28] with units processing and aggregating the
required information one sub-unit of the input at a time and
then forwarding it ahead. The decoder consists of stack of
three layers: the first intermediate layer that stores all the
information from the encoder, and the next two LSTM layers
to predict the output using the Softmax function.

Hierarchical agglomerative clustering is an un-supervised
algorithm, that partitions the data-set into n singleton nodes
and keeps merging mutually close pair of nodes until one
final node is generated, resulting into a tree structure also
referred as Dendrogram. We implemented the Seq2SeqAE and
Seq2SeqVAE model with two different input transformations:
one-hot encoding and word2vec [29] encoding. While HAC
used GloVe embedding [30] for transforming the input data.
For Seq2SeqAE and Seq2SeqVAE the encoder had an embed-
ding layer and a mean layer for compressing the embedding
output. Apart from two additional layer added to the encoder
layer in case of word2vec the rest of the model was the same as
for one-hot encoding. We trained the model with bz, tri, 4, 5-
grams of feature sequences labelled using the proposed schema
in this work for 100 epochs and the results are illustrated next.
For reproduce-ability the code and the data used in this work
can be accessed at the following link.

IV. RESULTS

The loss value of the baseline Seq2SeqAE with 5-grams of
one-hot encoding was (0.2) and with word2Vec embedding
was (4.0), while Seq2SeqVAE loss value was close to (0.08)
and for word2vec embedding was (2.0) much less than the
baseline model. Since, the loss values may tell very little about
these generative models, clustering and analysing the latent
space can reveal the difference much better.

To evaluate whether our labelling schema can assist the
model in generating generic longer sequences we manu-
ally analysed the generated latent space and compare the
Seq2SeqVAE with the Seq2SeqAE baseline model. The latent
space was decomposed by independent component analysis
(ICA) [31] in conjunction with principal component analysis
(PCA) [32]. The results of decomposed latent space was
compared with original data using K-means and Hierarchical
Agglomerative Clustering Algorithms [33].

The clusters of original and decomposed latent space were
then evaluated using Sklearn’s [34] implementation of Silhou-
ette [35] and Davis-Bouldin Index [36]. Silhouette score s is
given by: s = #(‘;b) where, a is intra-cluster distance and
b is inter-cluster distance. Davies Bouldin score db is given
by: db = iy S, maxie ({2 C)) where, i, j
are clusters from the same partitioning, IC| is the number
of clusters, Dist(C;,C;) is the inter-cluster distance, and
Diam(C;) is the intra-cluster diameter. Table II indicates
that Seq2SeqVAE out-performed the task of generating good
clusters for all the sequences— tri-/four-/five- grams compared
to Seq2SeqAE. The decomposition of features with PCA
and ICA showed considerable reduction in the performance

3https://github.com/maitreyee T/Seq2SeqDialStruct.git

of the clustering results as highlighted in Table II fourth
column, compared to non-decomposed input features in the
third column.

Seq2SeqVAE model generates four clusters of the latent
space using t-SNE with high inter-cluster distance in Sub-
figure 3a with mixed data-points compared to the Seq2SeqAE
baseline model that provides four big clusters and three small
clusters with low inter-cluster distance(only the clustering
results with good clusters are reported here). In Seq2SeqVAE
it populates all the four clusters with medium to low sparsity.
Task-driven human-human dialogue data-points(in green) have
low sparsity and dispersed in all the clusters for Seq2SeqVAE.
Task-driven human-machine and chitchat human-machine dia-
logues(blue and purple) are densely present close to each other
in bottom and right cluster for Seq2SeqVAE. K-means clusters
for 4-grams and ¢ri-grams indicated in Sub-figures 3b, 3c pre-
sented the best outcome with respective KL-gains (0.01,0.1).
A subset of data-points were selected from Seq2SeqVAE,
Seq2SeqAE and HAC model’s latent space. HAC model’s
latent space could provide sub-structures with around 5 seg-
ments that were meaningful, however their relation with the
other sub-structures in its latent space could-not be established,
hence failing in generalising long sequences. Seq2SeqAE
provided more generalisation for sub-structures compared to
HAC model in the sense that it could cluster sub-structures,
however some clusters were very small and a manual analysis
of them indicated high variability among the data-points, hint-
ing towards lack of appropriate generalisation between long
sequences. The Seq2SeqVAE presented superior clusters(in
terms of generalising capability and the quality) based on the
analysis of its latent space compared to the baseline models.
Figure 4 presents a tree-like structure of dialogue features used
as input to the Seq2SeqAE and Seq2SeqVAE, starting from
right each segment of a dialogue utterance can be considered
as a single input, which is labelled with dialogue control
functions. These functions are then labelled with SE and DP
labels. A final annotation of all the input is done with open-
ing, on-going and closing labels. The generalisation capacity
displayed in the latent space of Seq2SeqVAE, Seq2SeqAE,
and HAC are represented with blue, white and grey colour
boxes, respectively. These regions indicate the depth of the
annotation schema that could be generated by the models and
the Seq2SeqVAE generated sub-structures with greatest depth.
Our annotation schema seems promising as the results indicate
that the Seq2SeqVAE model was able to learn long sequences
(hierarchical labels with tri, four, five-grams of segments)
and was able to generalise them to form clusters.

V. SUMMARY, DISCUSSION AND FUTURE WORK

This work proposed a novel schema of sub-structuring
using syntactic features, dialogue control functions, sequence
expansion and dialogue policies. In order to find generic
sub-structures based on our proposed schema we combine
corpus of four different types from four sources. The features
(selected labels or entire schema of labels) are transformed
to one-hot encoding and word2Vec embedding and used an



Model/Features KL-gain Silhouette Score Silhouette score (PCA+ICA) Davies-Bouldin ](%acvi;]?couAl;hn

1.VAE/tri-gram 1 HAC=0.54, Kmeans=0.52 HAC=0.1, Kmeans=0.1 HAC=0.59, Kmeans=0.56 HAC=3.2, Kmeans=2.2
2.VAE/tri-gram 0.1 HAC=0.45, Kmeans=0.46 HAC=0.15, Kmeans=0.12 HAC=0.71, Kmeans=0.63 HAC=2.3, Kmeans=2.2
3.VAE/tri-gram 0.01 HAC=0.60, Kmeans=0.54 HAC=0.09, Kmeans=0.12 HAC=0.54, Kmeans=0.55 HAC=3.2, Kmeans=2.3
4. AE/tri-gram — HAC=0.28, Kmeans=0.24 HAC=0.16, Kmeans=0.23 HAC=1.5, Kmeans=/.3 HAC=1.4, Kmeans=2.2
5.VAE/4-gram 1 HAC=0.6, Kmeans=0.48 HAC=0.13, Kmeans=0.13 HAC=0.58, Kmeans=0.61 HAC=1.9, Kmeans=2.3
6.VAE/4-gram 0.1 HAC=0.59, Kmeans=0.53 HAC=0.15, Kmeans=0.15 HAC=0.54, Kmeans=0.57 HAC=2.5, Kmeans=2.2
7.VAE/4-gram 0.01 HAC=0.63, Kmeans=0.49 HAC=0.09, Kmeans=0.13 HAC=0.58, Kmeans=0.59 HAC=3.4, Kmeans=2.3
8.AE/4-gram — HAC=0.31, Kmeans=0.22 HAC=0.24, Kmeans=0.18 HAC=1.4, Kmeans=1.2 HAC=1.8, Kmeans=1.6
9.VAE/5-gram 1 HAC=0.57, Kmeans=0.49 HAC=0.16, Kmeans=0.12 HAC=0.56, Kmeans=0.59 HAC=].3, Kmeans=2.3
10.VAE/5-gram 0.1 HAC=0.52, Kmeans=0.48 HAC=0.17, Kmeans=0.14 HAC=0.63, Kmeans=0.58 HAC=1.4, Kmeans=2.2
11.VAE/5-gram 0.01 HAC=0.56, Kmeans=0.51 HAC=0.12, Kmeans=0.12 HAC=0.61, Kmeans=0.57 HAC=2.3, Kmeans=2.2
12.AE/5-gram — HAC=0.32, Kmeans=0.23 HAC=0.24, Kmeans=0.19 HAC=1.30, Kmeans=1.29 HAC=1.8, Kmeans=1.5

TABLE II: The first column in this Table gives the information about the model and the features used, second

column presents

the hyper-parameter used, while the rest of the columns provides evaluation scores for hierarchical (HAC) and K-means
clustering algorithms’ performed on the original latent space (columns 3 and 5) and decomposed latent space (columns 4 and
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Fig. 3: Clustering of the Seq2SeqVAE and Seq2SeqAE baseline model’s latent space after 1000 epocs.

input to our Seq2SeqVAE. The results show that Seq2SeqVAE
model out-performed the baselines Seq2SeqAE and hierarchi-
cal agglomerative clustering.

Enabling human like dialogues with machines is non-trivial
and most of the practical models in the research community
have explored limited scenarios with specific or no structuring
features. Contrary to the most common practices we believe
structuring of dialogue features based on the latent space of
generative models such as autoencoders can allow machines
to manage and generate diverse dialogue functions in-order to
step towards mixed-initiative and human-like dialogues. The
structure labelling schema provided is promising in order to
have longer sub-structures in the latent space.

One of the limitation of this work is derived relation and
classes of clusters could be biased, as the latent space was
manually analysed and there is sparsity and ambiguity sur-
rounding the standardised evaluation metrics for unsupervised
methods used in this work. Other limitation of this work is
with-respect to imbalance and small set of dialogue samples
for different genres, and for a more robust model that can
generalise requires samples from other genres and also a much

larger corpus. Since, the focus of this work was to evaluate
the model for long sub-structures in dialogues rather than the
annotation schema, hence a final issue could raise questions
on its validity and necessity.

Possible solutions that can be employed to mitigate the
limitations of the model in the future is to primarily increase
the diversity and the quantity of the corpus. Secondly, data
augmentation (up and down sampling) and knowledge creation
(co-referencing, pronoun resolution, and context modelling by
improving the attention layer using syntactic or semantic de-
pendency graphs) can be used for creating semantic sequences
instead of using raw syntactic features from dependency
graphs and an attention layer based on previous input. In
order to evaluate the annotation schema, the results of the
model can be either compared for the input with annotations
to that without or with another generic annotation schema.
An important immediate future work is to analyse the relation
between clusters of the latent space and dialogue flows in the
corpus. In the near future this work will be used to build
DMS strategies either through a hand-crafted method or with
Bayesian networks based on the generated latent space.

(c) t-SNE of Seq2SeqVAE for 3-grams
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