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Introduction

Conversational agents have gained more and more attention in recent years
thanks to their ability to communicate using natural language: this results in
systems that can not only engage in dialogue but are also able to complete
tasks for the users.

With Transformer-based language models becoming the go-to ingredient to
build state-of-the-art methods, they have also been adopted in this field. How-
ever, these architectures store all knowledge within their weights, leading to
two primary limitations. First of all, significant resources are needed for both
training and subsequently storing the models. Then, these methods also lack
the ability to remain up-to-date: when new knowledge is being published, the
only way to let the models know about it is by a new training process. To
address this problem, approaches like RETRO [1] propose the integration of a
knowledge retrieval component. Conversational agents could potentially benefit
from an analog approach: it could lead to systems that are lighter and also
updated in real-time. Moreover, checking the external sources used to produce
the responses could lead to more explainable agents.

Another problem that can limit an accurate generation of responses is the
ambiguity of language: because of it, the ability of models to extract precise
meaning can be hindered by using raw texts. Utilizing alternative data struc-
tures, such as Abstract Meaning Representation (AMR) graphs, can mitigate
this challenge since they are specifically designed to capture the entities within
a sentence and the semantic relationships connecting them.

Motivated by these premises, this thesis investigates the potential benefits of
integrating both a retrieval component and AMRs within a dialogue system.

As far as our comprehensive literature review reveals, this combined method



vi Introduction

has not yet been explored. In particular, our approach uses an existing con-
versational agent model chosen from the literature as the starting point of our
work. Since it already presents a module that retrieves knowledge from an
external source, we propose integrating AMR graphs into it, in the attempt to
improve the selection of relevant documents for response generation. Ablation
studies will then be conducted to identify the optimal configuration of our
architecture. Finally, we will compare the performances of our proposal against
the chosen baselines. We will also showcase examples of input prompts and the
correspondent responses generated by our model.

This thesis is divided into the following chapters:

e Chapter 1 - Introduction of the main theoretical aspects behind this

work;

e Chapter 2 - Overview of the various technologies proposed in the litera-

ture that can be used for the problem posed;

e Chapter 3 - Detailed description of the reference architecture and of the

techniques introduced in the attempt to improve it;
e Chapter 4 - Results of ablation studies and final performance;

e Chapter 5 - Conclusions, ethical considerations and future work.
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Chapter 1
Background

This chapter provides a generic description of the theoretical aspects behind
the thesis. It will start with a brief introduction of conversational agents,
then we’ll proceed with covering other themes such as retrieval-augmented text

generation, AMRs, and graph embedding.

1.1 Conversational Agents

Conversational agents are artificial intelligence systems capable of holding a
natural conversation with users. They can be built in different ways, from the
first techniques involving simple template matching to the more recent deep
neural networks.

Following the taxonomy proposed in [5], we can recognize two main categories
of conversational agents: chatbots and task-oriented agents. Chatbots can
engage in casual conversations with the users, which typically involve general,
everyday topics. The focus here is more on the interaction between the system
and the human, rather than the content of the conversation itself. On the other
hand, task-oriented agents are able to reach a certain goal by giving precise
answers to complex queries, which may involve not only text generation but
also retrieving information from online or offline databases.

However, as the authors state, there are also other aspects that can be used to

define different types of conversational agents, such as the type of input/output
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supported, or the possible domains of applicability.

Another important characteristic to mention is interpretability. As in other
artificial intelligence systems, also in this case we can recognize black boxes
and interpretable agents: with respect to the first ones, interpretable systems
will be able to provide an explanation for a given response, which is crucial in

certain contexts.

1.2 Retrieval-Augmented Text Generation

Retrieval-augmented text generation is a text generation paradigm that
combines deep learning and traditional retrieval techniques. With respect
to traditional generation methods, this new paradigm has some remarkable
advantages.

First of all, instead of encoding the knowledge within the parameters, it can be
accessed explicitly and instantly from external sources: this leads to models
that require less storage and training time. Another advantage is that the
systems can use human-written texts as a starting point in the generation,
instead of producing the output from scratch.

Moreover, this type of generation doesn’t suffer from the problem of new
knowledge being published: as already said, in non-retrieval methods, the
knowledge is all stored in the weights, so if new content is published, the model
can’t know about it. Instead, by adding the retrieval, the model can access the
new content without having to perform the training again.

To formulate this paradigm, we can follow the work in [6], where the standard
generation task is defined as a mapping from input sequence x to output
sequence y = f(z): for instance, x could be the dialogue context and y the
corresponding generated response. Instead, the retrieval-augmented generation
can be formulated as y = f(x, 2) where z = (x,,y,) is a set of relevant instances
extracted from the original training set or external sources: in fact, the main
idea of this paradigm is that y, may help in generating the response if x, (or
y,) is similar (or relevant) to the input z (z, none when unsupervised data are
used).

There are different possible types of sources for the retrieval data:
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e Training corpus: in this case, there is no information that is not already
seen during training. However, the idea is that these are still additional

references, which could improve the generation process.

e External data: the retrieval pool is different with respect to the training

corpus, which could provide access to new and unseen information.

e Unsupervised data: the main advantage of it is that no annotated data

are needed.
There are also different methods when it comes to the retrieval metric:

e Space-vector retrieval: in this class, we have methods that measure the
similarity using techniques such as TF-IDF. However, they may exhibit

limitations in retrieving instances that are only semantically relevant.

e Dense-vector retrieval: they overcome the problem of space-vector re-
trieval by using pre-trained language models, which encode the texts
to low-dimensional vectors. The similarity score is then computed with

inner products between the encodings.

e Task-specific retrieval: the methods just seen are based on the idea
that the more z, is similar to x, the more likely z, and y, will help in
generating the response. However, the closest instances by universal
text similarity do not guarantee to provide the best performances in
downstream tasks. For these reasons, with this type of retrieval, the
retriever and its downstream generation model are unified and trained

with the same objective.

One final aspect that is important to mention is the explainability. Without
the use of retrieval, motivating why a system has given a certain response is
nothing but trivial. Again, all the knowledge is contained in the weights of the
model, and it is not easy to extract the reasoning behind a certain generation.
On the other hand, in retrieval-augmented agents, retrieved texts can be used
to give an explanation for the response produced since not only they were
considered relevant by the system with respect to the given input, but they are

also used as a reference to generate the new turn of a dialogue.
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1.3 Graph Embedding

Graph embedding is a technique that produces a low-dimensional vector
representing the whole input graph or a part of it. First of all, let’s define
the graph data structure and the different types of graphs (different from the
already known directed, undirected, cyclic, etc. graphs).

Following the notation proposed in [2|, we can indicate with G = (V, E) a
graph, where v € V' is a node and e € E is an edge. G is associated to a
node type mapping function f, : V — T, and an edge type mapping function
fo: E = T, T, denotes the set of node type, while T, denotes the set of edge

types.
Now we can define three types of graphs:

e Homogeneous graph: all nodes belong to a single type and all edges

belong to a single type, i.e. |T,| = |T.]| = 1.

e Heterogeneous graph: nodes and/or edges belong to at least two types, i.e.
|T,| > 1 and/or |Te| > 1. A particular type of heterogeneous graph is
the knowledge graph, a directed graph whose nodes are entities and each
edge indicates a relation r from head entity h to tail entity t (denoted as

<h,r,t>); entities and relations are usually of different types.

e Graph with auxiliary information: this type contains auxiliary information
of node/edge/whole graph. Labels, attributes (discrete or continuous),

and node features are possible examples.

Let’s now define the output of a graph embedding algorithm. Unlike the
input, the output is task-driven, so the type of embedding depends on the

application. We can recognize four different types of graph embeddings:

e Node embedding: this is used for node-level tasks, which are concerned

with predicting the identity or role of each node within the graph.

e Edge embedding: in edge-level tasks, the focus is on predicting a certain

property for each edge.
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e Hybrid embedding: this is a combination of different types of graph

components.

e Whole-graph embedding: used for graph-level tasks, where a property of

the whole graph is what we want to predict.

Given an embedding dimension d, the output is a d-dimensional vector(s)
that preserves the properties of the graph. These properties can be quantified

using proximity measures:

e First order proximity (FOP): the pairwise similarity of nodes connected
by an edge and it is expressed by the weight of the edge. For each node
(1)

1, we can create the vector s; °, where the values are the FOP between

node i and the other nodes in the graph.

e Second order proximity (SOP): it compares the similarity of the nodes’
neighborhood structures. To find the SOP, we can apply a similarity

(1)

function between the s’ vectors of two nodes.

e Higher order proximity: the k — th order proximity between two nodes is

the similarity between the k£ — 1 similarity vectors.

There are different types of graph embedding techniques, as we can see
from the taxonomy proposed in [2| and reported in Figure 1.1.

The class of methods that we’re going to focus on is Deep Learning-based
graph embedding, in which we can recognize two categories: one for the
techniques that use random walk, and the other for those that don’t use
random walk.

When using random walk, a graph is represented as a set of random walk paths
sampled from it. Deep Learning methods are then applied to the sampled paths,
in order to create an embedding of the graph that preserves the properties
carried by the paths.

On the other hand, in methods that don’t use random walks, deep models are
applied directly to the graphs. There are two main possibilities to carry out
this technique: the first is using autoencoders, in which an encoder maps input

data to a representation space and the decoder maps the representation space
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Graph Embedding Problem Settings | Graph Embedding Techniques |

—|G_raph Embedding Inputl —|Matrix Factorization |
—| Graph Laplacian Eigenmaps |

Homogeneous Graph ‘

I—lNode Proximity Matrix Factorization I

Heterogeneous Graph | —|Deep Learning

Graph with Auxiliary Information _|With Random Walk |
: —{Without Random Walk |
Graph Constructed from Non-relational Data |
—|Edge Reconstruction |
—|Graph Embedding Outputl —|Maximize Edge Reconstruct Probability |

—|Minimize Distance-based Lossl
—|Minimize Margin-based Ranking Loss |

—|Gra§h Kemel

Node Embeddin;
Edge Embedding

Hybrid Embedding Based on Graphlet
Whole-Graph Embedding | —|Based on Subtree Patterns |

—lBased on Random Walks|

—|Generative Model I

—|Embed Graph into Latent Space |
—[Incorporate Semantics for EmbeddingJ

Figure 1.1: Graph Embedding taxonomy proposed in [2]

to a reconstruction space; the other is using deep neural networks, a category
of methods to which Graph Neural Networks (GNNs) belong.
The following section will be dedicated to GNNs, which is a popular graph

embedding technique and is also used in this work.

1.4 Graph Neural Networks

GNNs are characterized by Message Passing layers, through which the
features interact along the graph. In these layers, neighboring nodes or edges
exchange information and influence each other’s updated embeddings. In

particular, if we consider just the nodes, message passing works this way:
e current node embeddings of neighbor nodes are gathered;
e the collected information is aggregated to get a new embedding;

e the node state is updated using the new embedding.
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This approach is known as Graph Convolution, and it can be seen as an
extension of convolution to graph data. It can be seen as a general schema
that can be used to define different models. There isn’t just one possibility to
perform the aggregate and update steps: for example, some possible operations
are the mean, max, or a neural network. By changing these configurations, we
can obtain different GNNs (these are discussed in Section 2.3).

1.5 Abstract Meaning Rapresentation

Abstract Meaning Representation (AMR) [3] is a semantic structure for-
malism that represents the meaning of a sentence in a rooted, labeled, directed,
acyclic graph.

The purpose of these graphs is to abstract away the meaning of a sentence.
Language can be ambiguous and the same concepts can be expressed in different
forms: this potentially creates difficulties when processing text. AMRs can
solve this issue, because, ideally, sentences that have the same meaning are

assigned the same AMR. For example, the following sentences are all assigned
the same AMR:

e “He described her as a genius”;
e “His description of her: genius”;
e “She was a genius, according to his description”.

AMRs can be represented by using a graph notation or the PENMAN
notation [7] (the PENMAN notation can be defined as a "serialization format
for the directed, rooted graphs used to encode semantic dependencies”l). In
Figure 1.2 and in Figure 1.3 is reported an example for these representations,
that correspond both to the sentence "The boy wants to go".

The authors use nodes for entities, events, properties, and states. Leaves
then are used for concepts: for example, “(b / boy)” represents an instance

"b" of the concept boy. Edges connecting entities represent relations, so “(d /

1h1:tps ://penman.readthedocs.io/en/latest/notation.html#kas1989
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ARGl
instance

instance

want-01
instance

go-01

boy

Figure 1.2: AMR using the graph notation (image from [3]).

(w / want-01
:argd (b / boy)
:argl (g / go-01
:arg® b))

Figure 1.3: AMR using the PENMAN notation (image from [3]).

die-01 :location (p / park))” means there was a death (d) in the park (p). AMR
concepts are either English words (“boy”), PropBank framesets (“want-017), or
special keywords: PropBank framesets provide a structured representation of
the semantic arguments of verbs and are used to annotate a large corpus of
text, called the PropBank corpus [8]; on the other hand, "keywords include
special entity types (“date-entity”, “world-region”, etc.), quantities (“monetary-
quantity”, “distance-quantity”, etc.), and logical conjunctions (“and”, etc)".
AMR uses approximately 100 relations and, for all of them, also their inverse:
some examples are general semantic relations (e.g. :beneficiary, :cause, :loca-
tion), relations for quantities, and relations for date-entities. The whole set of
concepts and relations proposed is able to represent every sentence, taking all
words into account.

The authors also state that AMR has some limitations. First of all, it doesn’t
represent word inflections due to tense and number. Moreover, it omits articles
and it doesn’t have any universal quantifiers. Finally, there is no distinction
between real events and hypothetical, future, or imagined ones. For example,
in sentences “the boy wants to go”, “want-01" and “go-01" have the same status,

regardless of the fact that “go-01” will happen or not.
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Related Work

2.1 Retrieval-Augmented Text Generation

2.1.1 Dialogue Systems

An example of this paradigm applied to conversation agents can be found

in EKo-DoC [9], an end-to-end conversational agent composed by three compo-
nents: dense passage retrieval (DPR), re-ranking, and response generation.
In its DPR, the topic document (i.e. the document that serves as the background
for the dialogue) and the dialogue are encoded with a Sentence Transformer
[10] in order to obtain a query vector. This is then used to query the external
knowledge base, which is composed of a set of snippets and the correspondent
frozen dense vectors (obtained with the same encoding model). The score
associated with each snippet is obtained through the dot product between its
encoding and the query encoding: the snippets associated with the best K,
scores are passed to the re-ranker (with K < |Kgp|, where Ky p denotes the
external knowledge base).
The re-ranking module is composed of a distilled version of RoBERTa [11]
(obtained with the same training process proposed in [12]|) and a feed-forward
neural network, which will produce a score for each retrieved snippet: the
snippets will then be sorted according to this new score and only the first
Ky < K, will be selected and passed to the generation part.

The final component will produce the response using the encoder-decoder model
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LongT5 [13], which receives the K, snippets and the dialogue context.

Doc1 |

External 1 Doc2 |
Knowledge - —7 - ——
. Doc 25 Poci |
Base Kkg B ~{ Doc2
Ky documents ' ..
T | Doc5 |
) /_/K2 documents Response
Query Vector v Sfine-grained T
Mean )
Pooling MLP classifier FFNNg LongT5 Decoder
Transformer-based Encoder Eq ‘ Transformer-based Reranker Egross LongT5 Encoder
: Topic Doc. D Dialog Context C | Topic Doc. or Doc 20 Dialog Context C i Doc5 |- Doc 1 Dialog Context C

Dense Passage Retrieval (DPR) Re-ranking Response Generation

Figure 2.1: Hlustration of EKo-DoC.

2.1.2 Other Tasks

There are also other tasks that benefit from retrieval-augmented neural
networks.
Language modeling is one of them and RETRO [1] is a significant example of
it: this model is able to perform as well as GPT-3 [14] despite being 4% its
size.
RETRO’s retrieval part is based on a key-value database: each key is a BERT
[15] embedding, while each value is composed by the text used to compute the
key and its continuation. The model works by encoding each input text with
BERT and using the resulting vector to query the database. The neighbors
are retrieved using an approximate search (ScaNN [16]): they are then fed,
together with the input text, to the language model, which is an encoder-
decoder architecture based on Transformer [17].
Another example of a language model that benefits from retrieval is SPALM
[18], in which the authors combine short-term (with Transformer-XL [19]) and
long-term memory (with retrieval from a key-value database) to predict the
next token.
Also in question answering retrieval has been exploited, as we can observe in
MedQA [20], a model for multiple choice QA. In this, Elasticsearch' is used to

"https://www.elastic.co/
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retrieve N passages for each question-answer option pair: the retrieved texts

and the pair are then encoded to select the most likely answer.

2.2 Text-to-AMR

Text-to-AMR is a task where the objective is converting a given input
text into its corresponding AMR graph. In this work, we're going to use
SPRING, introduced in [21]. The authors propose two models that share the
same architecture: one is trained to perform Text-to-AMR and the other for
AMR-to-Text. In particular, the models are based on a seq2seq encoder-decoder
structure, which relies on BART [22] and its transfer learning capabilities. They
extend BART’s vocabulary with AMR concepts, frames, and relations and, in
order to use graphs within this architecture, they use linearization techniques

to transform this data structure into a sequence of symbols.

2.3 Graph Neural Networks - Relevant Variants

In the Background section, it was mentioned that we can obtain different
variants of GNNs by changing the general formulation. One of the most
prominent examples is Graph Convolutional Networks (GCNs) [23], which
perform a sum of normalized neighbor embeddings. In particular, they are
characterized by self-loops and scaling factors: self-loops are used to include
the node itself in the aggregation; on the other hand, scaling factors are defined
by the inverse of the degree of the interested nodes in the aggregation, and
their purpose is to keep the magnitude of nodes with lots of neighbors under
control. Another important variant is Graph Attention Networks (GATs) [24].
They introduce an attention mechanism in the computation: this is responsible
for learning an attention coefficient which states how much the features of a
node are relevant for another node.

There also variants of GATSs: relevant examples are EGAT [25] and GATv2
[26].
Edge-Featured Graph Attention Network (EGAT) is based on the idea that

edge features should be taken into account in computing attention weights.
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Following this, the authors define EGAT layers, which contain both a node
attention and an edge attention block.

The other model, GATv2, relies on improving the attention computed in GATs,
which is defined as ’static’ by the authors. With this definition the authors
mean that, for any query node, the attention function is monotonic with respect
to the neighbor key scores: this is shown by the fact that the ranking (the
argsort) of attention coefficients is shared across all nodes in the graph, and is
unconditioned on the query node. This problem is overcome by changing the
order of internal operations done in GAT: this way the authors define what

they call "dynamic’ attention in GATv2.

2.4 AMR Metrics

The goal of an AMR metric is to evaluate the similarities of pairs of AMR
graphs. Some examples of AMR metrics can be found in the literature, such
as SMATCH [27] and SMATCH [28]. SMATCH tries to find a one-to-one
matching of variables that maximizes the number of exact matches of triples.
The alignment process, an NP-hard problem, limits the efficiency of SMATCH,
especially with the increasing of AMRs’ size (alignment in AMR graphs usually
refers to the process of aligning nodes or subgraphs in two or more AMR
representations that correspond to similar or equivalent meanings).
SQMATCH, in order to produce a better alignment, is based on a soft semantic
match instead of matching only identical triples, but it doesn’t solve the com-
putational problems seen in SMATCH.

Another work worth noticing can be found in [29], in which AMRs are seen
as high-dimensional objects. The authors propose to first propagate node
embeddings iteratively, then to employ the Wasserstein Weisfeiler Leman ker-
nel (WW LK) to calculate the minimum cost of transforming one graph to
another. They also introduce an extension that considers edge embeddings
(called WW LK,, which improve the performances but require more effort in
the data collection process, since they use a supervised learning method.

A recent work tries to overcome the problems seen in the presented metrics. In

[30], the authors present AMRSim, an alignment-free method that computes
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the cosine similarity of the embeddings extracted from the graphs. In particular,
these encodings are obtained using a model based on BERT, in which graph
neural networks are incorporated into transformer layers.

Moreover, the authors propose a self-supervised learning method, which allevi-

ates the task of collecting data for training the model.

Instance: graph pair

{xv@ / brush-@1
:ARGR (xv1 / girl

part xv2)
:ARG1 (xv2 / hair))

|

¥
Transformer layer

+
Transformer layer

+

dot product

(xv@ / brush-e1 Last transformer layer with graph adapters
1ARGe (xv1 / girl
:ARG1-of (nn / have-part-91 Graph Encoder 1

:ARGZ xv2))

:ARG1 (xv2 / hair)) ’|

Graph Encoder 2 -I-.

Figure 2.2: Ilustration of AMRSim architecture.

2.5 Graph-Augmented Dialogue Systems

In [31], the authors propose a method that exploits AMRs and external

knowledge for response generation. The model is based on three modules:

e Semantic graph construction: the external knowledge source is processed
to build a graph that represents it. In particular, SPRING is first used to
create sentence-level AMR graphs: these are then passed to a co-reference
resolution system to build the document-level graph. One thing to notice
is that in this work the external knowledge is not retrieved but it is

provided for each instance along with the dialogue.

e Knowledge selection: in this part, the objective is to identify relevant
knowledge snippets that can be used to produce an appropriate and
informative response for each turn. The knowledge selection module
takes in input the dialogue context and the produced document semantic

graph.

e Response generation: the selected snippets nodes and the dialogue context

are given as input to GPT2 [32] to generate the response.
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Knowledge Source
¥

Document Semantic Graph Construction
. T .
Dialog CGontext Semantic Graph

Rango Louise
I liked Rango as welll | mean, he did tryto ~ 22n9° ()
keep the town from the water shortage.
r shortage 5 days
- ge () 5 day
Knowledge Selection
A/
Selected Knowledge
1. The reserves in the vault only has enough water for l

five more days.
2. The name was a play on the classic Western Django.

Response Generation

v

Yeah, there was only water enough for five days. | also liked
how his name is a play on Django.

Figure 2.3: Illustration of the graph-augmented dialogue system described in

Section 2.5.
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Method

This thesis aims to explore whether an architecture based on both external
knowledge retrieval and AMR graphs can have a beneficial impact in generating
a response to a given dialogue. To the best of my knowledge, this is something
that has not yet been tried in the literature. As presented in Section 2, there
have been successful attempts to incorporate retrieval [9] or AMR graphs [31]
into conversational agents, but not both in the same model.

This is certainly an interesting research path given the good properties that
retrieval and AMR graphs could bring, as already explained in Section 1:
retrieval can provide a reference for generation and reduce the size of a model;
AMRs can help in extracting the semantic meaning from a text and reducing
the ambiguity of its phrases.

This chapter explains the method used in this work. We will start with a
detailed description of the reference architecture and the reasons why it was
chosen among other models from the literature. Then, it will proceed by
focusing on the innovations proposed and by listing the experiments done to

arrive at the final configuration of the conversational agent.

3.1 Reference Architecture

The architecture chosen as a starting point is EKo-DoC, described in Section
2.1.1. The motivation behind this choice was the fact that this is the only model

15
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found in the literature that was designed for a conversational task and that
uses external knowledge in a retrieval fashion. This is an important aspect that
puts EKo-DoC in a better position for our purposes with respect to a model
such as that described in Section 2.5. Even though it uses AMRs and is built
to generate responses to a dialogue, this last approach does not incorporate
retrieval. In fact, for each instance, the external knowledge is already provided
and the relevant sentences are predicted from it through a knowledge selection
task. Therefore, if we substitute this with a retrieval module that selects
snippets from an external source (or from a knowledge base that comprehends
all the sentences provided), we can’t compare the two architectures, since they
are performing different tasks.

On the other hand, EKo-DoC already uses retrieval but presents an architecture
that allows inserting AMR processing inside it. In the next section, more details
about EKo-DoC will be presented, in particular the ones regarding the input

preparation, the training process, and the loss calculation used by this model.

3.1.1 Input Text Preparation

This work follows the same method proposed in the original model to
manipulate the strings and pass them as input to the encoders.
First of all, for the external knowledge base, each snippet D; is composed of
a title and textual content. is composed of a title and textual content. The

string passed to the encoder looks like this:

T[D,] = [s]Title/ Content[ [s] (3.1)

where “/” is used to separate the title from the content, “T([.])” is a function
that maps a general object (a knowledge snippet in this case) into a textual
sequence, “[s|” and “|/s|” are, respectively, the beginning-of-sequence (BOS)
and the end-of-sequence (EOS) tokens (“[s|” and “[/s|” is a general notation
that will be used also in the next cases: in practice, they are replaced with the
special tokens belonging to each encoding model).
For each instance of the dataset, a query is composed using the topic document
D1 and the dialogue context (C):
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[s1T[Dr][sep]TTCI[ /5] (3.2)

where T[ D7 ] is defined in an analog way of the one seen for the knowledge
snippet, so using the title and content of the topic document; on the other
hand, T[C'] is a concatenation of all the dialogue turns separated by the [sep]
token (again, this will be replaced by the separation token used by the tokenizer
of each encoder). One thing to underline is that the topic document is not a
concept that can be found in the dataset but instead is defined by the authors
of EKo-DoC: in particular, it is the first paragraph of the document used as a
reference in the first turn of each dialogue.
After the retrieval module, each D; of the K snippets is passed to the re-rank

encoder in this way:

[s]T[Dr][sep]T[D;1[sep]TIC[ /5] (3.3)

Finally, the set {[)1, D, ..., DK2} of selected snippets is passed as a single

string to the generator, along with the dialogue context:

[s]1T[D,® D, ® ... ® DKQ][sep]T[C][/s] (3.4)

where T[Dl ©Dy,®...0 D K, 1s the concatenation of all selected snippets:

TLDy[sep]T[ Dy sep]...[sep]T[ Dy, ] (3.5)

This method of passing all the inputs together in one single string is called
Fusion-in-Input (Fil) by the authors, and it goes countercurrent with respect
to the popular Fusion-in-Decoder (FiD) [33][34][35], where all the inputs are

encoded separately.

3.1.2 EKo-DoC Training

The authors of EKo-DoC state that their model can be trained in an end-
to-end fashion. In order to do so, simply using the generator’s loss function is
insufficient, because only the parameters of LongTh will be updated: therefore,

they propose incorporating loss components directly related to the retriever
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and re-ranker tasks. Their solution involves using the attention scores over the
chosen snippets as pseudo-labels. In particular, these scores will be obtained
with the decoder of LongT5: the intuition is that if the decoder pays more
attention to a particular snippet, it means that it is likely to be relevant. Since
computing the loss will be done in the same way in this work, we will report
the formulation.

For each knowledge snippet D; retrieved by the re-ranker, we will compute the
average of all the pre-attention scores over all the tokens of the snippet’s text.

In Equation 3.6, it is reported the formula for this:

L H ej Y]
Y1 Le1 Za:]:sj Zy:1 pup(z,y)
LxHx|s;—e;+1| x|Y]
where s; and e; are the starting and ending tokens of the snippet’s text,

A(D;) = (3.6)

respectively, Y is the ground-truth response, p; ;(z,y) is the pre-attention score
between the z-th token of the snippet’s text and the y-th token of Y computed
by the h-th attention head of the [-th layer.

The scores computed in this way are then normalized using the softmax function.

exp(A(D;))

Y i exp(A(D;)
The same normalization is also done for the DPR (s, in the equation) and

Pattention(Dj) = (37)

re-ranking scores (sy):

exp(sc(Dja C? DT))
Zf?l exp(SC(Dia 07 DT)
exp(ss(D;,C, Dr))

K.
Zi=21 e‘rp(sf(Di7 CJ DT)
where D7 is the topic document and C' the dialogue context.

Qcoarse(Dj) =

inne(Dj) =

The loss for the DPR and re-ranker are then computed using the Kull-
back—Leibler (KL) divergence, while the loss for the generator is the negative

log-likelihood function. Everything is reported in the following equations:

|B| ' .
Ldpr(B) = Z DKL(P;ttention| |Qzl:oa7"se) (310)

i=1
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|B| A _
LTerankeT(B) = Z DKL(P;ttention| |Q?fzne) (311)
i=1
Lretrieval(B) = Ldpr(B) + Lreranker(B) (312)
| B| P
Lgeneration(B) == Z lOgP(YZ|X1) (313)
i=1
1
Lfinal(B) = E(Lgeneration(B) + Lretm’eval(B)) (314)

where B is the mini-batch of instances and X' is the i-th input.

3.2 AMR Embedding

In Section 2.3 some popular models were presented to embed graphs into
numerical vectors capable of representing them. Since this work uses AMRs,
the focus was put on methods designed specifically for this form of graphs.

In particular, even if designed originally for measuring the similarity between
AMRs, the techniques presented in [29] and in [30] both introduce a new way to
embed these graphs: therefore, since the results in both works are convincing,
it could be beneficial extracting the encoding technique from them instead of
using a more generic graph embedding method.

In Table 3.1 are reported the results of the variants of WW LK and a couple
of variants of AM RSim in the STSB [36] and SICK [37] datasets: each one of
these is composed of a set of pairs of sentences with a human-labeled similarity
score. In the table, AM RSim,; indicates that the graph encoder uses k-GNN
[38]. Unlike standard GNNs that only consider immediate neighbors of a
node, k-GNNs take into account the higher-order structure of the graph by
considering multiple levels of neighbors around a node. These networks are used
in AMRSim in order to make transformer layers able to capture information
from AMR graphs.

As we can observe, AM RSim performs considerably better than WW LK,

which is the reason why its embedding strategy was the one chosen to embed
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Method STSB SICK
WWLK 63.15  65.58
WWLK, 6694 67.64
AMRSvmy, 70.88  73.10
AMRSims 7094  72.64

Table 3.1: Pearson correlation on STSB and SICK test sets (data from [30])

AMRs.
In this work, the practice to encode a portion of text using AMRs is the

following:

e First, the text is split into sentences since one AMR is able to represent

just one sentence;

e Then, each sentence is converted into its AMR using the model SPRING

(introduced in Section 2.2);

e Each AMR is encoded using the pre-trained embedding technique ex-
tracted from AMRSim;

e To obtain one single vector that represents the whole text, a pooling

operation is performed across all sentence-level embeddings.

In Figure 3.1, an illustration of the embedding process of a text is reported.

3.3 AMR-Augmented Module

This section will describe where and how AMRs have been inserted into
the original architecture and the reasoning behind it.
The first module that, in theory, could be augmented using these graphs is
the retrieval one. In this case, the workflow will be extracting the AMRs from
each passage in the external knowledge base and then embedding them as
explained in the previous section: by doing so, we obtain a one-dimensional
vector for each passage. Now, to query these embeddings during the forward

step, it is necessary to repeat these passages with the instances from the dataset,



3.3. AMR-Augmented Module 21

Sentence; Sentencey

| | |

SPRING

! ! !

SO

AMR, AMRy

! ! !

AMRSiIim Embedding Model

l l l

LT

Pooling

Figure 3.1: Ilustration of the text embedding pipeline through AMRs and
AMRSim.

which means extracting the AMRs from the topic documents and the dialogue
contexts and then embedding them: in fact, it is not possible using the same
method seen in the original architecture, since it will end up comparing text

embeddings and graph embeddings. However, the downside to this proposal
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lies in the high computational time that extracting the embeddings online is
going to require: for this reason, placing AMR augmentation in this phase is
not optimal and it was not experimented.

Another possibility could be inserting AMRs in the generation phase. Since
we can’t pass directly graphs to the encoder, the only way to proceed is by
extracting AMRs from the texts, encoding them with the chosen embedding
method, and passing the resulting vectors to the decoder. The downside of this
approach is that the decoder is pre-trained to take in input text embeddings,
so using graph embeddings could lead to worse performances.

The only alternative that has been tried in practice is adding AMR processing
in the re-ranking phase: doing so, it is possible to test the ability of AMRs
to select relevant pieces of knowledge. With this augmentation, the module
will contain two different processing parts: on one hand, it will use the same
re-ranker model to encode the text, but now the input strings will not contain
the snippet text but just its title (as shown in Equation 3.15); the second part,
instead, will be composed by the embedding workflow using AMRs on the
snippet text (so split the text in sentences, extracting the graphs, encoding

them, and then pooling).

[s]1T[Dr][sep]Title[ D;][sep]T[C][/s] (3.15)

From this process, we will obtain two vectors, which will be concatenated
and then passed to the feed-forward neural network to compute the re-rank
score for the snippet.

In practice, the encoding of each passage is computed offline, so the embedding
model is not fine-tuned during the training process: it was observed that not
only the training process is much slower when the model is not frozen, but also

the performances are considerably worse.
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Snippet Passage

Snippets
AMRSIm
Embeddings

Re-ranking Encoder

Y

[ Classifier ]
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Snippet Score

Figure 3.2: Illustration of the AMR-augmented re-ranking module.

3.4 Experimental Setup

3.4.1 Dataset

The dataset used in this work is MultiDoc2Dial [4], a recent conversational

dataset. The data are composed of a set of documents, which represent the

external knowledge, and a set of dialogues. The main innovation that this

dataset introduces is that each dialogue can contain multiple topics. In fact,

the authors use the term ’segments’ of a dialogue, where a segment is composed

of one or more consecutive turns: two consecutive segments are about different

topics and therefore are grounded in different external documents. This provides

a more realistic scenario with respect to other conversational datasets, where

each dialogue is only about one topic (e.g. Wizard of Wikipedia [39]). In Figure

3.3, it is reported an illustration of a dialogue present in MultiDoc2Dial.
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Statistics

MultiDoc2Dial dialogues and external knowledge are divided into 4 dif-
ferent domains: in Table 3.2, we can observe a couple of statistics about the

composition of each one of them.

[Doe-1] [Doc-2]

[5eg-11 U1: I nced help with SSDI. I heard that it could benefit - Disability Benefits > Family

my relatives too. I am in my 50s. The Basics about Disability Benefits
A2: Yes SSDI pays bencfits to you | -

and family members if you arc insured

Social Security Credits

Social Security Disability Insurance (SSDI)

S 3 program pays benefits to you and certain .
R . gl family members if you are ._\

[seg-2] A3: Do you know if you are “insured”? \ " insured . *... |Number of Credit Needed for Disability Benefits

U4: Could you tell me more about it? e — B — T
. P " U . e | _ 30 years or older - In general, you must have_
AS5: We measure it in “work credits”. To be cligible for Benefits For Your Spousa— ~ =~~~ #7720 ot i th 10y oo )

disability benefits, you must meet a recent work test. yable o dallf Nimmediately before you become disabled
U6: How many credits do I need to get the benefit? Rei ~—
Number of Credit Needed for Retirement Benefits

Id 'THe qualifying member could ) 3
Yec\eﬁve up to 50% of your ne@m

A7: Since you are over 31 years old, you musthave | __ -
at least 20 credits in the 10-year period ... |

[Seg-31 U8: OK. My wife is currently unemployed. I want to | [Doc-31
know what benefit she gets from me. POl Wi A0 CLT (5013 Home - BenefitPlanner - Online
A9: The qualifying member could receive ¢ i \J Access Your Benefit Information Online
up to 50% of your benefit. Calfie ng benefits. the child -
o receive corresponding benefits, the child must “, | sign up a new account
[Seg-4] UL0: hmm, | haven't checked my SSA online account for -Be unma

long time Could you remind me where to start?
Al1: Do you plan to apply online? If so,
you can follow the link to fill out an application form

“| Recover your username and password

—  |—_——! /If you can't log in your account, you can fill out this-,
._form to recover your account information

Figure 3.3: Illustration of a dialogue instance in MultiDoc2Dial (image from

[4])-

MultiDoc2Dial already comes with a train, validation, and test split. In
Table 3.3, some statistics about it are reported: as we can notice, the average
number of turns stays the same across all the sets (it also stays fixed at 13/14

turns across all the domains: this is not reported to not overcomplicate the
statistics shown).

Domain #Documents #Dialogues
ssa 109 1191
va 138 1337
dmv 149 1328
student 92 940
total 488 4796

Table 3.2: Number of documents and dialogues for each domain in Multi-
Doc2Dial.
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Split #Dialogues Avg. Dialogue Length

Train 3474 13.8
Validation 661 13.9
Test 661 13.5

Table 3.3: MultiDoc2Dial: train, validation, and test composition (the average

length is defined using the number of turns).

One aspect to underline is that all the numbers just shown correspond to a
raw form of the dataset. To obtain the form of the dataset that can be used
for training and evaluation, it is necessary to use the instructions and the code
provided by the authors'.

After this process, there are changes in both the external knowledge base and
the dialogues instances: the documents are split into a collection of passages,
which amount to 4283 texts; on the other hand, for each dialogue, several
queries (composed by the last turn and the previous dialogue context) and the
correspondent target response are obtained.

The composition of the train, validation, and test splits in the query form is
shown in Table 3.4: from this, it is possible to notice that the queries in the
train and validation sets tend to be longer in average with the respect to the
ones in the test set; the responses, instead, tend to have a similar length in all
the three sets.

Split #Queries Avg. Query Length Avg. Response Length

Train 21453 104.6 22.8
Validation 4201 104.2 21.6
Test 4094 96.5 22.3

Table 3.4: MultiDoc2Dial: train, validation, and test composition in the query

form (the average lengths are defined using the number of tokens).

"https://github.com /IBM/multidoc2dial
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3.4.2 Evaluation Method

In order to find the best configuration for the model, several ablation
studies have been performed in this work, which will be described in detail in
Section 4.1. In order to compare the different architectures, two measures were

considered:

e The values of the loss obtained during the training process: this is

computed as described in Section 3.1.2;

e ROUGE-L on the validation set, which is one of a set of metrics proposed
in [40]. In particular, ROUGE-L is based on the Longest Common
Subsequences (LCS) between the text generated by the system and the
human-generated reference. Even if these metrics have been formulated in
order to evaluate summaries, they can be used also to evaluate generated
responses, as it is done in our reference paper [9], which takes the value

of ROUGE-L as one measure of evaluation.

In Section 4.2, we will further analyze the performances on the test set
by reporting also the Recall@l and Recall@5 metrics. These metrics are
calculated as the proportion of instances where the correct snippet (i.e. the
one inspiring the generated response) is retrieved within the top-1 and top-5

results, respectively.

3.4.3 Hardware Setup

Each experiment was run on a workstation having one Nvidia GeForce
RTX3090 GPU with 24GB of dedicated memory, 64GB of RAM, and an Intel®)
Core™ 19-10900X1080 CPU @ 3.70GHz.

3.4.4 Implementation Details
Pre-trained Models

In Table 3.5, we reported the pre-trained models used in this work and

the correspondent reference URL. The majority of them are accessed through
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Hugging Face’, such as the Sentence Transformer all-mpnet-base-v2 (used for
encoding the external knowledge base and the retrieval queries) or DistilRoberta.

In the table are also included pre-trained models such as SPRING and AMRSim,

which are instead incorporated in this work through their GitHub repository.

Model URL

ALL-MPNET-base-v2 https://huggingface.co/sentence-transformers/all-mpnet-base-v2
DISTILROBERTA-base https://huggingface.co/distilbert/distilroberta-base
LoNGT5-base https://huggingface.co/google/long-t5-tglobal-base
LoNGT5-large https://huggingface.co/google/long-t5-tglobal-large
UAE-Large-V1 https://huggingface.co/WhereIsAI/UAE-Large-V1

SPRING https://github.com/SapienzaNLP/spring

AMRSIM(embedding model) https://github.com/zzshou/AMRSim

Table 3.5: List of the models used in this work.

Knowledge Base

Following the work done by the authors of EKo-DoC, the knowledge base
is built using FAISS [41], a library that allows to query and efficiently retrieve
items (knowledge snippets in this case) based on the similarity between the

embeddings.

Experiment Tracking

All trainings make use of Weights & Biases®, in order to keep track of

measures such as the losses and the ROUGE-L score on the validation set.

*https://huggingface.co/
3https://wandb.ai


https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/distilbert/distilroberta-base
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Results

This chapter focuses on the results obtained both in the ablation studies
and in the final evaluation phase. In particular, the first ones are done on the
validation split in order to find the best configuration of the model. On the
other hand, the final evaluation uses the test set to have an overview of the
model performance on new data and to compare it with the chosen baseline.
Since training is time-consuming, the ablation studies have been conducted
using a smaller number of epochs (3): the best configuration was then trained
for the same number of epochs used in the reference publication.

The other hyperparameters used for training have also been chosen following
the work done by the authors of EKo-DoC: the only exception is the batch size,
which was decreased from 32 to 8 due to memory limitations.

We have adopted a base version of LongT5 during ablations, as was done in [9],

to speed these studies.

4.1 Ablation Studies

4.1.1 Pseudo-Labels Computation

An aspect that is not specified in [9] is the computation of pseudo-labels.
The authors explain that these are computed using the pre-attention scores
from the decoder of the LongTh, but they do not clarify whether this is a

new instance that is kept frozen, or instead is the same generator within the

29
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Hyperparameter Value
Learning rate de-5
Batch size 8
Number of epochs (Ablation Studies) 3
Number of epochs (Final Configuration) 10
K, 25
K, 5
Optimizer Adam
Gradient Clipping 1.0

Table 4.1: Hyperparameters used during training.

architecture which is therefore trained.

In this section, results obtained from these strategies will be presented, since
both present advantages and disadvantages.

On one hand, having a new instance of the generator without fine-tuning it,
provides a constant score to the same snippets and responses, which could make
the training more stable. At the same time, the importance that the pre-trained
model gives to a certain snippet could not be optimal at the beginning, so
fine-tuning on the generation task could be beneficial. However, this means
that the pseudo-labels constantly change during training, making convergence
more difficult. Note that, regardless of whether using a frozen model or not,
the gradients are never computed during the forward pass when generating the
labels: calculating and then updating the gradients could result in a model
that returns labels with a distribution increasingly closer to the ones of the
retrieval and re-ranking scores, negatively affecting the learning process.
About the pseudo-labels computation, another aspect has been considered and
experimented with, which is how the snippets are processed. We have two
possibilities for this: batch, which is more efficient, and each snippet separately,
which is instead more accurate. In fact, when we process a set of strings at
the same time, we have to use padding to make them equal in length: the

downsides are that the cross-attention scores could be affected by the pad
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tokens, and also we lose the length of each individual sentence, which makes
the subsequent averages less precise.

In Table 4.2, the results obtained with these methods are presented: Since
it is a fundamental aspect in training the model, the number of epochs used
was 5, to better understand how well the strategies work. It is important to
emphasize that these experiments were conducted without utilizing the AMR
augmentation. This aspect is more closely related to the original architecture
than to our addition. This approach allows us to determine the optimal

configuration of the baseline model before incorporating the new technique.

Technique Validation ROUGE-L Time (h)
Batch + Frozen Generator 24.71 14
Batch + Training Generator 24.63 14
No Batch + Training Generator 25.24 18

Table 4.2: Results of different techniques to compute the pseudo-labels (5
epochs), using our implementation of EKo-DoC without the AMR augmenta-

tion.

Note that there is no significant distinction among the three methods, albeit
the no-batch approach exhibits slightly better performance. Nevertheless, the
duration to complete the epochs is a crucial factor, leading to the exclusion
of the no-batch strategy for the subsequent experiments. Among the batch
techniques, preference was given to the one that employs the training generator.
In fact, from the trend of retrieval losses (which can be observed in Figure
4.1 and Figure 4.2), it is possible to observe that there is not much change
when using the frozen generator, which could lead to fewer improvements and
possibly overfitting when continuing the training. This is the same reason why

the no-batch experiment was conducted only with the training generator.

4.1.2 Classifier Configuration in the Re-Ranking Module

The initial experimentation with the AMR-augmented model focused on

configuring the MLP within the re-ranker. Initially, the configuration was
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RR Loss

— No Batch + Training Generator = Batch + Training Generator — Batch + Frozen Generator v
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Figure 4.1: Re-ranking loss with different pseudo-labels computation techniques.

DPR Loss
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Figure 4.2: DPR loss with different pseudo-labels computation techniques.

not specified in EKo-DoC, so a first attempt involved implementing it with
only one linear layer. However, additional processing was deemed potentially
beneficial in the AMR~augmented model because of the doubled dimensionality
of the input embeddings passed to the MLP. These embeddings result from
concatenating the output of the re-ranking encoder and that of the AMR
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embedding model, counting 1536-dimensional vectors (each model producing
768-dimensional embeddings). Given the risk of information loss when reducing
this dimensionality to a single score, exploring additional processing in this
phase seemed worthwhile. Specifically, as indicated in Table 4.3, the experiment
involved networks composed of 2 and 3 linear layers, employing ReLLU as the

activation function.

# Layers Validation ROUGE-L Time (h)

1 23.08 7
2 23.11 7
3 23.20 7

Table 4.3: Results with increasing number of layers in the re-ranking classifier.

We can deduce that there is no significant distinction among the various
setups of the classifier. Hence, we might proceed with the most straightforward
option, utilizing only one layer. Nevertheless, the pattern of loss function across
the trials indicates that configurations with two or three layers consistently
yield lower values, as illustrated in Figure 4.3. Considering this insight, we

have chosen to employ a two-layer network.

RR Loss
3 layers 2 layers 1 layer v

0.06
0.05
0.04
0.03
0.02

0.01
Step

0 500m 1 1.5 2

Figure 4.3: RR loss with increasing number of layers in the re-ranking classifier.
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4.1.3 Pooling Operation to Combine AMR Embeddings

In the AMR embedding pipeline outlined in Section 3.2, the final stage
involves applying a pooling operation to generate a singular vector representing
the passage based on the encoded sentences. Various methods can be utilized
for this operation, such as computing the mean (as demonstrated in the
preceding experiment), calculating the sum, or selecting the maximum value
among corresponding embeddings. Table 4.4 illustrates how the outcomes vary

depending on the methods attempted.

Pooling operation Validation ROUGE-L

Mean 23.11
Max 23.27
Sum 23.44

Table 4.4: Results with different pooling operations for AMR embeddings.

It appears that the pooling method does not have a significant impact on
the results. We could continue with the maximum or the sum, both of which
yielded slightly better scores. However, the trend of the ROUGE-L scores
(Figure 4.4) does not indicate improvement between the first and second epoch
when using the sum. This suboptimal behavior led us to opt for the maximum

as the pooling operation.

4.1.4 Re-Ranking Alternative

Another experiment tried in this work was about using different pre-trained
models with respect to the ones present in the original architecture, which
are: a Sentence Transformer in the retrieval, DistilRoberta in the re-ranking,
and LongT5 for the generation. The possibility that seems more reasonable
is changing the re-ranker. In fact, according to the current leaderboardl, all-
mpnet-base-v2 is still the best Sentence Transformer, so it is unlikely that
another analog embedding model could bring any improvements. Regarding

the generator, the main reason why it is better not to try an alternative to

1h1:tps ://www.sbert.net/docs/pretrained_models.html
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Validation ROUGE-L

Max pooling v
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0.225
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Step
0 500m 1 1.5 2

Figure 4.4: ROUGE-L trend on the validation set with max and sum pooling

operations.

LongT5 is about the pseudo-labels: changing it means changing the model that
produces one of the targets, making fair result comparisons more difficult.

A possible alternative to DistilRoberta in the re-ranker was found in the Massive
Text Embedding Benchmark (MTEB) LeaderboardQ, which was introduced in
[42]. This benchmark helps to define how well a model encodes an input text
by quantifying the effectiveness obtained in a series of different tasks: one of
them is precisely the re-ranking.

Looking at the leaderboard, one of the models that currently offers the best
overall performance across all tasks is UAE-Large-V1[43]. In particular, it is
ranked 6" for the re-ranking and presents a size considerably smaller with
respect to the competitors that deliver the best scores, which is an important
aspect considering that it will be inserted in an architecture that already
presents two pre-trained models. In Table 4.5, the performances of the three
best models for the re-ranking are reported together with their sizes and the
max input length (expressed in the number of tokens). To evaluate the task,

the Mean Average Precision (MAP) was used, and the reported values are the

2h1:tps ://huggingface.co/spaces/mteb/leaderboard
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MAP average across 4 different datasets.

Model Model Size (GB) Max tokens MAP average
SFR-Embedding-Mistral 14.22 32768 60.64
GritLM 7B 14.48 32768 60.49
E5-Mistral-7b-instruct 14.22 32768 60.21
UAE-Large-V1 1.34 512 09.88

Table 4.5: Re-ranking models from MTEB Leaderboard.

The table shows that the scores achieved by the models are really similar:
moreover, 512 is the same maximum dimension that DistilRoberta takes, so also
the difference in the maximum input length does not justify using a different
model from UAE-Large-V1.

Therefore, in Table 4.6, the comparison between DistilRoberta and the chosen
alternative is reported. We notice that the performances achieved with UAE-
Large-V1 do not meet the ones obtained with the original re-ranker. However,
the distance between those is relatively small: the real limitation in employing
UAE-Large-V1 is the long training time required, which limits the possibility

of conducting several experiments with it.

Re-ranker  Validation ROUGE-L Time (h)
DistilRoberta 23.27 7
UAE-Large-V1 22.86 24

Table 4.6: Results with re-ranking alternatives.

4.1.5 Topic Document

As already mentioned in Section 3.1.1, the topic document is not an entity
that can be found in the dataset, but the authors of EKo-DoC define it as
the first paragraph of the first grounded document, so it contains text that
is also present in the external knowledge base: as a result, the system could
retrieve information that is already in the input and leaving out helpful snippets.

Moreover, being able to access the document directly without retrieving it is a
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less realistic scenario; it means that the user has to provide the agent not only
with an utterance but also the text that inspired it.

The authors state that the topic document improves the performance of the
model but does not provide the results on MultiDoc2Dial using the entire
architecture without the document. Therefore, it is worth checking whether

the metric scores depend on it.

Topic Document Validation ROUGE-L
True 23.27
False 24.04

Table 4.7: Results with and without topic document.

The scores shown in Table 4.7 suggest that not including the topic document
in the input results in an improvement of our model. This is in contrast to what
is suggested in [9]. A possible explanation could be that the topic document
leads the system to retrieve content too similar to itself: therefore, by excluding
it, we could increase the diversity of the snippets selected. Another reason
could be that, without the topic document, the model focuses more on the

dialogue context, which results in choosing texts more aligned with it.

4.1.6 Generation Model

As mentioned above, we used the base LongTh model to accelerate training
during ablation studies. In this final experiment, we checked whether the large
version brought a relevant improvement to our architecture. Since the large
version is likely to take more time to complete its training, we employed all 10

epochs here to ensure a fair comparison.

LongT5 version Validation ROUGE-L
Base 24.99
Large 25.06

Table 4.8: Results with the base and large version of LongT5.
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The results in Table 4.8 show that there is not a relevant difference between
the performances achieved using the two generators: however, the large version
performed marginally better, so we employed it for the final comparison with

the baseline.

4.1.7 Final Configuration of the Model

In Table 4.9 the findings of the ablation studies are summarized. These will

be used for the final evaluation on the test set.

Hyperparameter Value
Pseudo-labels computation Batch + training generator
Number of layers in RR classifier 2
Pooling operation for AMR embeddings Max
Re-ranker DistilRoberta
Usage of topic document False
LongTh version Large

Table 4.9: Resume of the ablation studies.

4.2 Comparison with Baselines

Table 4.10 presents the performance comparison on the test set. It includes
the results obtained using our proposed model and our implementation of the
original EKo-DoC architecture; the scores from the original publication are

also reported.

Model ROUGE-L
EKo-DoC + AMR (ours) 25.74
EKo-DoC (ours) 25.47
EKo-DoC 39.02

Table 4.10: ROUGE-L scores on the test.
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The findings indicate a small beneficial effect of the AMRs when compared
to the non-augmented model, specifically our version of EKo-DoC. However,
the performance of both implementations does not reach the levels reported in
[9]. Consequently, we conducted an examination of the Recall@1 and Recall@5

metrics to evaluate the retrieval component’s ability to identify relevant source

snippets.
Model Recall@1l Recall@5

EKo-DoC + AMR (ours 2.32 11.97
EKo-DoC + AMR (ours) - No RR 14.58 34.98
EKo-DoC (ours) 3.37 11.63
EKo-DoC (ours) - No RR 9.72 21.74

EKo-DoC 41.60 -

EKo-DoC - No RR 33.88 -

Table 4.11: Recall scores on the test set.

The findings presented in Table 4.11 indicate that our models struggle to
retrieve accurate snippets. Notably, we observe an improvement in scores when
the re-ranker is excluded. Based on this analysis, we can infer that our model
fails to properly train the re-ranker component as intended, leading to an
inability to enhance the architecture’s snippet selection capability compared to

the original implementation.

4.3 Domain-Specific Results

In Section 3.4.1, it is noted that all dialogues within MultiDoc2Dial fall
into one of four distinct domains. The results calculated for each domain are
presented in Table 4.12.

Consistent performances are evident across various domains, demonstrating
the versatility of both models to engage in diverse conversations. The only
light exception can be found in the “student” domain, for which the scores are

lower for the two architectures.
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. ROUGE-L
Domain
EKo-DoC + AMR (ours) | EKo-DoC (ours)
dmv 25.20 25.64
student 24.20 23.20
va, 26.37 24.87
ssa 26.67 27.58

Table 4.12: ROUGE-L scores computed on each domain of the test set.

4.4 Input-Output Examples

In Figure 4.5, we present two dialogue contexts provided to the model
as input, together with the responses generated by our implementations. In
the initial example, both the grammar and semantics of the returned texts
are accurate. However, the response from the original architecture aligns
more closely with the ground truth. Moving to the second example, our
implementation of EKo-DoC produces an output that fails to address the
user’s final utterance, veering off-topic. Conversely, the AMR-augmented model
delivers a more precise answer. Nevertheless, both outputs are incomplete as
they are truncated before completing the sentences. Overall, our proposition
demonstrates an understanding of the dialogue’s general topic and produces
responses relevant to it. The generated texts may exhibit imperfections and

fail to fully address the provided questions.
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Examples

Dialogue Context

user: How do i find a Pre licensing course?

user: When will i be given the certificate?

agent: When you successfully finish the course.
user: What happens if the certificate expires?
Generated response

Ours: You must renew it before the expiration date.

EKo-DoC (Ours): You must complete the course again to receive the
certificate required to schedule a road test.

Ground truth

You must complete the course again.

Dialogue Context

user: | would like to know what would help prepare for college
someday?

user: Is there a 9th grade checklist available?

agent: Yes, a 9th grade checklist is available at this time.
user: Will the checklist help with websites to explore?
Generated response

Ours: Yes, the checklist will help you learn about many different
websites that can help you prepare financially and

EKo-DoC (Ours): Yes, the guide will tell you what to expect during
and after school and will tell you what

Ground truth

Yes, our checklists make suggestions on many websites to explore as
you prepare academically and financially.

Figure 4.5: Examples of dialogue inputs, their ground truth response, and the

generated text by our implementations.






Chapter 5

Conclusions and Future Work

This thesis explored the combined usage of Abstract Meaning Represen-
tations and retrieval technologies in conversational agents. We started with
an overview of the literature and the current state-of-the-art methods, which
showed that both techniques have not been used together within the same
architecture. After selecting EKo-DoC [9] as the base of our work, we inserted
an AMR augmentation in it, to improve the knowledge selection step in its
pipeline. We then performed several ablation studies to find the configuration
of the model that performed best after the graph integration. The results
showed that AMRs brought a small improvement in the final performances.
However, it is clear that the positive impact is heavily limited by the re-ranker’s
abilities, which results in poor quality of the retrieved documents and also in
some imperfections in the responses generated. We are confident to obtain a
strong increase in the results once the flaws observed are resolved: these are
present also in our implementation of the original version of the model, and,
therefore, are not connected to the AMR augmentation.

We will explore these aspects in more detail in the next section, providing also
some ideas for future work.
Finally, we will conclude this work with some ethical considerations about

conversational agents and retrieval augmentation in them.
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5.1 Limitations

In Section 4.2, we noticed that the main limitation of our proposal is not
linked to the AMR augmentation, but instead to the abilities of our re-ranker.
The Recall’s values suggest that this module is not able to pick the most
relevant pieces of external knowledge between those chosen by the DPR: in
fact, the scores increase when the K5 snippets are selected directly after the
retrieval. Since the original design of the re-ranker is quite straightforward
(just DistilRoberta and a feed-forward neural network), it is unlikely that our
implementation failed in incorporating this module correctly. Instead, how
this module is trained could be the reason behind its poor performance. The
pseudo-labels are an interesting and innovative concept to create an end-to-end
trainable architecture, but still, an imperfect computation of them affects
certainly the final abilities of the model. Future work could comprehend further
reviews of our code, in order to reach the original performances reported in [9]
and create a common base to explore better the AMR augmentation proposed
in this thesis.

Then, another interesting possibility could be exploring different generation
models: this could have a positive impact not only on the generation task but
also on producing better pseudo-labels. For example, the recent FLAN-T5 [44]
could be an intriguing option. This experiment was not done in this work, since,

as already seen in Chapter 4, the experiments could be quite time-consuming.

5.2 Ethical Considerations

With the increasing advancement of their ability to reproduce human
language, conversational agents raise some ethical questions. First of all, the
ideas that they express could present bias, for example, social or political: these
could lead to responses that are not objectively true or that are discriminatory
towards people. It is always a fundamental step to check if the data present
any problematic content, otherwise this will be learned by the model during
training: as stated in [9], all the data used in this work do not seem to contain

any offensive language.
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About bias, retrieval-augmented text generation poses a further problem: the
sources that the agent uses to produce the answer are not only the ones seen
during training but also the ones present in the external pool. We expressed in
Section 1.2 how this can be beneficial since it allows the model to stay updated
by just adding new documents to it: while this is true, it also exposes the
model to more bias, and therefore it requires a review of the content every time
the knowledge base is enriched.
On the other hand, a retrieval component could also represent a tool to remove
bias from the data used. In fact, by checking the snippets selected by the
system when a problematic response is given, we can immediately find the
source of the problem and remove the document from the external pool.
Another important ethical aspect that regards conversational agents, is the
one of explainability, which is about the transparency of a model. As stated
in Section 1.2, incorporating a retrieval component makes a system more
explainable because the selected knowledge already gives the users a better
understanding of the reasoning performed.

This thesis honors and supports the ACL Code of Ethics. All pre-trained

models and corpora used in this work are publicly available.
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