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Abstract

We are constantly exposed to significant amounts of information, misinformation, and fake news.
When in need of defending a point of view regarding a controversial topic, one needs to have
strong supportive arguments which must relate to the topic, be coherent and based on information
from reliable sources.

Natural language processing has made it possible to program models to interpret and under-
stand text, generate human-readable text, as well as to rank and retrieve text excerpts according
to their relevance for particular questions. In this context, the Touché task which was presented
within the scope of the Conference and Labs of the Evaluation Forum (CLEF), focuses on argu-
ment retrieval for controversial questions. In a world full of information sources and unfounded
arguments, argument retrieval is a current hot topic as it focuses on creating models that can re-
trieve coherent and strong premises from a text. This promising technology could help individuals
form an informed opinion about a controversial topic or support a particular stance on a debate.

The Touché task offers a dataset provided by args.me (a search engine for arguments, meant
to be used by anyone to support people forming an opinion on a controversial topic). This dataset
was gathered from five different debate portals, and it contains 387 740 arguments. The 2022
edition of the Touché Task 1 focuses on retrieving pairs of sentences. Human assessors manually
evaluate the retrieved pairs of sentences by analyzing three characteristics: whether each sentence
is argumentative, coherent, and forms a summary of the corresponding arguments.

Thus, the main goal of this research project is to develop a competitive model for the Touché
task. To do so, we used Pyserini sparse and hybrid search to address both the 2021 and 2022
editions of Touché Task 1. In the 2021 edition, the hybrid search achieved the best results from all
of our approaches, ranking fourth in relevance (0.6863) and sixth in quality (0.8116). However,
due to the computational and space requirements of this approach, we decided not to use it in the
2022 edition of the task. Instead, we chose to compete with a sparse search and achieved scores
of 0.772 for quality, 0.651 for relevance, and 0.378 for coherence. Our results are limited by our
data arrangement process. The purpose of the task was to retrieve the most argumentative and
relevant pairs of sentences, which could be formed with sentences from the same argument or not.
Our approach focused on forming all sentence pairs possible within the same argument, therefore
missing out on many possible pairs of sentences. Nevertheless, we have achieved, for the 2022
Task, rank third, fourth and fifth in relevance, coherence and quality. This might be indicative that
based on the adopted evaluation method, it is hard to find methodologies that go beyond simple
retrieval techniques.

Keywords: Natural Language Processing, Argument Retrieval, Pyserini, Sparse search, Hybrid
search
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Resumo

Atualmente, estamos constantemente expostos a quantidades significativas de informação, desin-
formação, e notícias falsas. Quando é necessário defender um ponto de vista sobre um tema
controverso, é preciso ter argumentos fortes que apoiem a sua posição. Tais argumentos devem
estar relacionados com o tema e basear-se em informação boa e fiável. O processamento de lin-
guagem natural tornou possível treinar modelos para interpretar, compreender e gerar texto legível
por humanos, assim como recuperar excertos de texto classificados de acordo com a relevância
para questões particulares. Neste contexto, a tarefa Touché, proposta no âmbito da Conferência e
Laboratórios do Fórum de Avaliação (CLEF), uma conferência internacional líder anual, centra-se
na recuperação de argumentos para questões controversas. Ora, a recuperação de argumentos é
um tema quente neste momento pois, num mundo cheio de fontes de informação e argumentos
infundados, centra-se na criação de modelos que possam recuperar premissas coerentes e fortes a
partir de um texto. Esta tecnologia promissora poderia ajudar os indivíduos a formar uma opinião
informada sobre um tema controverso ou apoiar uma posição particular num debate.

Assim, esta tarefa Touché oferece um conjunto de dados fornecido por "args.me" ( ou seja, um
motor de busca de argumentos, destinado a ser utilizado por qualquer pessoa para apoiar pessoas
que formem uma opinião sobre um tema controverso). Este conjunto de dados foi recolhido a
partir de cinco portais de debate diferentes, e contêm 387 740 argumentos. A edição de 2022 da
Tarefa Touché 1 centra-se na recuperação de pares de frases. Os avaliadores humanos avaliam
manualmente os pares de frases recuperados, analisando três características: se cada frase é argu-
mentativa, coerente, e forma um resumo dos argumentos correspondentes.

Assim, o principal objectivo deste projecto de investigação é desenvolver um modelo com-
petitivo para a tarefa Touché. Para o fazer, utilizámos a pesquisa Pyserini esparsa e híbrida para
abordar as edições 2021 e 2022 da Tarefa Touché 1. Na edição 2021, a pesquisa híbrida obteve os
melhores resultados de todas as nossas abordagens, classificando-se em quarto lugar em relevân-
cia (0,6863) e sexto em qualidade (0,8116). Contudo, devido às exigências computacionais e de
espaço desta abordagem, decidimos não a utilizar na edição de 2022 da tarefa. Em vez disso, optá-
mos por competir com uma pesquisa esparsa e atingimos pontuações de 0,772 em qualidade, 0,651
em relevância, e 0,378 em coerência. Os nossos resultados são limitados pelo nosso processo de
disposição de dados. O objectivo da tarefa era recuperar os pares de frases mais argumentativos
e relevantes, que poderiam ser formados com frases do mesmo argumento ou não. A nossa abor-
dagem centrou-se na formação de todos os pares de frases possíveis dentro do mesmo argumento,
faltando, portanto, muitos pares de frases possíveis. No entanto, alcançámos, para a Tarefa 2022,
terceiro, quarto e quinto lugares em relevância, coerência, e qualidade. Isto pode ser indicativo
de que, com base no método de avaliação adoptado, é difícil encontrar metodologias que vão para
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além de simples técnicas de recuperação.

Keywords: Processamento de Linguagem Natural, Recuperação de Argumentos, Pyserini, pesquisa
esparsa, pesquisa híbrida
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Chapter 1

Introduction

The concept of Natural Language Processing (NLP) is currently present in almost everything that

is performed on the web. There are many fields within the scope of NLP, and Information Retrieval

(IR) is the one in which this work focuses. IR is the process of accessing and retrieving the most

pertinent information given a query by a user. This work concerns retrieving relevant arguments (a

collection of premises and conclusions) on controversial topics according to quality and relevance.

For example, if a user searches for “war in Afghanistan” and the retrieved argument is “Freedom

of speech should apply to teachers as much as anyone else”, it has no utility for the user, but if the

argument retrieved is the “Saddam Hussein is gone and Iraq is now functioning as one of very few

democracies in the Middle East”, it provides relevant information to the user.

1.1 Context

The Touché task1, presented at the Conference and Labs of the Evaluation Forum (CLEF), fo-

cuses on retrieving arguments for controversial topics. Argument retrieval is a prominent research

area since it focuses on constructing models that can return coherent and strong arguments from

textual documents which is of great need in today’s world. Despite the availability of good and

well-established information sources, there are still vast amounts of unsupported and inauthentic

information being shared every day, which creates a barrier to accessing reliable information. The

technology behind Touché task has the potential to filter out all the unreliable information and

therefore assist people in forming an opinion on a contentious topic, or defending their position in

a discussion.

The Touché sub-task 1 also offers a dataset with data collected from “args.me”2, which is a

search engine for arguments. Its goal is to assist individuals in formulating their perspectives on

controversial matters. This search engine searches for pro and con arguments for a particular issue

on trustworthy web platforms and evaluates their importance using computational argumentation

research methodologies.

1https://webis.de/events/touche-22/
2https://www.args.me/index.html

1

https://webis.de/events/touche-22/
https://www.args.me/index.html


Introduction 2

Table 1.1: Example of input arguments for Touché Task 1. Both arguments are related with the
same topic but reach different conclusions.

Fields Argument 1 Argument 2
Id Sf9294c83-Af186e851 Sf9294c83-A9a4e056e
Topic the War in Iraq was Worth the Cost the War in Iraq was Worth the Cost
Stance PRO PRO
Conclusion the War in Iraq was Worth the Cost Saddam Hussein is gone and Iraq is now

functioning as one of very few democra-
cies in the Middle East

Premise His removal provides stability and se-
curity not only for Iraq but for the
Middle East as a region

It’s important to be clear that this debate
is looking at the results of the Iraq war
and, by any definition Iraq is in a much
more stable and secure position than it was
in 2003 when American, British and other
international troops arrived in the country.
Whatever one thinks of the initial justifica-
tions for the war there is no doubt that the
country, the region and the world are bet-
ter and safer places without Saddam Hus-
sein[i]. It is easy to criticize the allies but it
is worth bearing in mind that the alternative
was leaving in power a man who had com-
mitted genocide was a vicious and brutal
dictator under whose regime extra-judicial
execution and detention, mass-murder and
torture were commonplace[ii]. [i] Richard
Miniter. “Was the Iraq War Worth It?”.
Hudson New York. 2 September 2010.
[ii] Interview with Donald Rumsfeld. In-
side Politics. NPR. 14 February 2011.

Data was gathered from many different debate portals, containing 387 740 arguments that will

be used to train and test the developed models; two of these arguments are represented in Table 1.1.

For the Touché Task 1 3, the goal is to, given a query, retrieve the most argumentative, coherent,

and relevant pairs of sentences, where each sentence must be able to summarize the respective

topic it is inserted in. To participate in the task, the teams must submit their results file, see

Figure 1.1, which must follow the TREC format:

qid stance pair rank score tag

where the qid is the query id, the stance is the stance of the sentence pair (pro or con), pair is

the id of the sentence pair (sentece1 id, sentence2 id), and the rank is the sentence-pair place in

the final results retrieved. The score is the score that the retrieval model assigned for the sentence

pair, and the tag is the team’s tag, which in our case is Bruce-Banner.

3https://webis.de/events/touche-22/shared-task-1.html

https://webis.de/events/touche-22/shared-task-1.html


1.2 Motivation 3

Figure 1.1: Example of output for Touché Task 1.

1.2 Motivation

Controversial topics are often sensitive topics; individuals might have completely different opin-

ions, and therefore it is imperative that, when discussing these topics, access to relevant, coherent

and reliable information is ensured. The inauthentic information must be filtered out, which is

time-consuming and sometimes impossible since this entails the individual having to assimilate

all the available information and determine its authenticity and relevance. This has motivated

the development of automated programs to search, filter, and retrieve arguments, ranked by their

pertinence and quality.

There are already some platforms for this purpose, for example, “args.me”. However, like with

any technology, improvements can be made to provide better results and a better user experience.

1.3 Goals

This dissertation has two main goals. The first is to develop an argument retrieval technique for

the 2021 edition of the Touché Task 1, where the goal is to retrieve relevant arguments for a given

query. The second goal is to participate in Touché Task 1 2022 [12] with an improved approach to

the technique used for the 2021 edition since the purpose of the task has suffered a fundamental

change. The goal of the 2022 task 1 is to retrieve and classify pairs of relevant sentences from

a collection of arguments, in response to a user query. This task aims to aid a user in searching

for statements supporting their stance or just searching for a general overview regarding a specific

topic.

In alignment with the above mentioned goals, we pursue the following research questions in

this work:

• Compared to state-of-the-art approaches from Touché Task 1 2021 edition, can a Pyserini

sparse search approach achieve competitive results?

• Despite the focus for the 2022 edition of the Touché Task 1 being different from the 2021

edition, can a simple IR approach based on the construction of documents as sentence pairs

obtain a competitive model for the Touché Task 1 2022?
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1.4 Contributions

We experimented with our approach based on Pyserini hybrid search, with the evaluation files

of the 2021 edition of Touché Task 1, and achieved scores of 0.8116 for quality and 0.6863 for

relevance. Compared to the other teams’ results, our team would be placed fourth and sixth in

relevance and quality, respectively. Therefore, answering our first research question, we conclude

that the Pyserini sparse search compared to other state-of-the-art approaches from Touché Task 1

2021 edition can achieve competitive results.

We participated in the 2022 edition of the Touché Task 1 with a Pyserini sparse search ap-

proach, achieving scores of 0.772 for quality, 0.651 for relevance and 0.378 for coherence. With

these results we achieved third place in relevance, fourth in coherence and fifth in quality. In this

context, we submitted a paper reporting our approach to the Touché Task 1 2022, as shown in

Appendix A.5, and it was accepted [77].

1.5 Document Structure

This document is organized into six additional chapters. Chapter 2 introduces relevant concepts

to better understand the domain of this work and the rest of the document. Chapter 3 presents

state-of-the-art models for the tasks of information retrieval, stance detection, and for addressing

the task of the last edition of Touché Task on argument retrieval for controversial questions. These

models will be used to establish a comparison to the model that is to be developed for this work.

Chapter 4 describes the available datasets for the Touché Task and complementary data used to

develop an argument quality model. Chapter 5 describes the approaches that we have followed

to tackle this problem. Chapter 6 describes all the experiments performed and respective results.

Lastly, Chapter 7 provides the main conclusions of this work and includes suggestions for future

work.



Chapter 2

Background

This chapter presents all relevant information needed to comprehend subjects such as text repre-

sentation, information retrieval, and argumentation in natural language.

2.1 Deep Learning

Deep learning is a field that falls under the umbrella of machine learning and it is based on artificial

neural networks. Many well-known deep learning architectures are applied to different fields such

as natural language processing, computer vision or speech recognition.

Neural networks are inspired by the functioning of the human brain, composed of intercon-

nected neurons forming a network. These networks take data as an input, recognize the patterns,

and then predict the output [78] [109]. One of the simplest neural network structures is the Multi-

layer Perceptron (MLP) [85][92][79][2] ilustred in Figure 2.1.
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Figure 2.1: Example of a feed forward architecture with two hidden layers with four neurons each.

5



Background 6

2.1.1 Multilayer Perceptron

MLP [94], comprises the input layer, the output layer, and in between, one or more hidden layers.

These layers have neurons, which are connected from lower layers to higher layers, and have

associated weights.

The input to this network is the vector from the data to be classified, and the output is the

prediction of the class of the data. This model can be mathematically defined as :

Z = σ(
n

∑
i=1

wi jxi +b) (2.1)

where σ is the activation function, x the vector of inputs, w the vector of weights and b the bias.

The training stage for the MLP is done through back-propagation. This method is used to

adapt the network in order to minimize the difference between the predicted output and the de-

sired output. This minimization is achieved using gradient descent, an algorithm used to perform

optimization [93]. This algorithm is a way to minimize an objective function by updating the pa-

rameters of the model in the opposite direction of the objective function parameters. An example

of a gradient descent algorithm is batch gradient descent:

θ = θ −η ·∇(θ)J(θ) (2.2)

where θ is the model’s parameters, η is the learning rate and it controls the step size of the process,

J(θ) is the objective function and ∇(θ)J(θ) is the gradient of the objective function.

Let us consider an example where a neural network is trained to predict whether a text’s senti-

ment is positive or negative. The input layer receives the sentence and feeds the neurons with the

embeddings from each term. Each neuron’s connection has a weight and is connected to the hidden

layer, where most computations are made. The data is propagated forward through the network,

and when it reaches the output layer, the network predicts if the text’s sentiment is positive or not.

In a training phase, the network has access to the desired output. If the predicted output does not

match the desired one, the model will calculate the magnitude error to perform back-propagation

to change the neuron’s weights.

2.1.2 Transformer Models

The Transformer [101] is a neural network architecture, and it is entirely based on attention mech-

anisms.

To better understand transformers, the concept of attention should first be understood. The

weighted sum of the vector representations of a layer, also known as attention [8], can be used to

provide interpretability to a neural model. This attention mechanism allows for the model to have

long-term memory, which can be used by the model to “ look” at the previous tokens.

First, the query key and value vectors for each word embedding must be calculated. These

three vectors are calculated by multiplying the embedding by three matrices that were trained

during the training stage.
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Then the attention mechanism performs the dot product between the specific query and each

key vector to calculate a score value. The scores are then passed through a softmax algorithm to

generate a set of weights:

Attention(Q,K,V ) = so f tmax(
QKT
√

dk
)V (2.3)

where Q is the query vector, K the key vector, V the value vector and dk the dimensions of the

queries and keys. Afterwards, it calculates the attention value as the sum of the weighted value

vectors to retain the more relevant words for the specific query. Figure 2.2 represents an example

of an attention mechanism.

Figure 2.2: Example of attention mechanism. In this translation example, the more relevant words
are mapped and assigned weights which are represented as colors. The darker the color, the more
relevant the word is. [(2022, 7 may 2022). Retrieved from https://blog.floydhub.com/
attention-mechanism/ ]

The transformer is a type of neural network architecture, represented in Figure 2.3, and it is

composed of an encoder and a decoder.

To transform the input and output tokens to vectors of the same dimension as the model, two

embedding layers (input embedding and output embedding) are included in the model. To provide

information about the token’s position in the sequence, so that the model benefits from the order

sequence, positional encodings are supplied after the embeddings. These positional encodings

have the same dimension as the model and are calculated with sine and cosine functions:

P(pos,2i) = sin(
pos

10000
2i
d
) (2.4)

P(pos,2i+1) = cos(
pos

10000
2i
d
) (2.5)

where d is the model’s dimension, i the indices of each of the positional embedding dimension

and pos is the position.

The encoder comprises six identical layers, each with two sub-layers: multi-head attention

and feed-forward network. Vaswani et. al employed a residual connection [40] followed by layer

normalization [7] around each of the sub-layers [101]. Residual connections are a type of shortcut

connection, connections skipping one or more layers, that learn residual functions concerning the

https://blog.floydhub.com/attention-mechanism/
https://blog.floydhub.com/attention-mechanism/
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Figure 2.3: The Transformer - model architecture. [Vaswani et al. [101]]

layer inputs instead of unreferenced functions. The stacked nonlinear layers fit another mapping of

F(x) :=H(x)−x, where H(x) is the desired underlying mapping and F(x)+x is the transformation

of the original mapping, see Figure 2.4. The intuition is that optimizing the residual mapping is

simpler than optimizing the original, unreferenced mapping. With layer normalization, the mean

and variance used for normalization are directly estimated from the accumulated inputs to the

neurons inside a hidden layer; therefore, the normalization does not add any new dependencies

between training examples:

µ
l =

1
H

H

∑
i=1

al
i (2.6)

σ
l =

√
1
H

H

∑
i=1

(al
i µ l)2 (2.7)

where H is the number of hidden units in a layer, al the vector representation of the totalled

inputs to the neurons in that layer and σ l and µ l the layer normalization statistics.

The queries, keys, and values are linearly projected N times by the multi-head attention, see

in Figure 2.5. These queries, keys, and values were previously computed for each word by mul-
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Figure 2.4: Residual learning [40].

tiplying the embedding by three matrices formed throughout the training procedure. The linear

projection is conducted with the help of separate learned linear projections employed to carry out

the attention function. The outputs of the attention functions are then concatenated and linearly

projected to yield the final attention results.

Linear

Linear

Linear

V

K

Q

Scaled Dot-Product Attention

MatMul Scale

MatMul Concat Linear

Mask SoftMax

N

Figure 2.5: Multi-head Attention with N attention layers [101].

The feed-forward network is position-wise and fully connected, and it is applied to each posi-

tion, consisting of a linear transformation, a ReLU activation, and another linear transformation.

The following equation represents this feed-forward network :

FFN(x) = max(0,xW1+b1)W2+b2 (2.8)

The decoder, like the encoder, is composed of six identical layers. Each layer contains the

same two sub-layers that the encoder does, with residual connections and layer normalization,

and an extra sub-layer which performs multi-head attention to the encoder output. The masked
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multi-head attention is a multi-head attention sub-layer modified to ensure that the predictions for

a position p are not based on information at positions higher than p.

Finally, after the decoder, the model converts the decoder output to estimated next-token prob-

abilities via a linear transformation followed by a softmax function.

2.1.3 Dual Encoders and Cross Encoders

This subsection compares dual and cross encoders to analyze each approach’s process to produce

a similarity score between sentences. As the name suggests, dual encoders are composed of two

encoders that produce a sentence embedding for each sentence in a pair of sentences. Each encoder

receives a sentence as an input and these sentences will be embedded to be compared using cosine

similarity. When it comes to cross encoder, both sentences are fed into an encoder, which produces

an output from zero to one representing their similarity. It’s imperative to mention that cross

encoders don’t create a sentence embedding in contrast with dual encoders.

An example of dual encoders can be seen in Figure 2.6.

Query

Encoder

Answer

Encoder

question answer context

dot product

Figure 2.6: Example of a dual encoder usage. In this work [1], the dual encoder structure is being
used, so that question and answer text are encoded independently.

Both have different uses. For example, the cross encoder can be used for sentence-pair scoring

and dual encoders when a sentence embedding is needed.

Figure 2.7 depicts the structure of a cross-encoder model. The Cross-encoder executes self-

attention between the context and the candidate using a single transformer, resulting in a richer

extraction mechanism than the dual encoder. The context and candidate are enclosed by the special

token [S] and concatenated into a single vector encoded by a single transformer. The transformer’s

first output determines the context-candidate embedding:

yctx,cand = f irst(T (ctx,cand)) (2.9)

where ctx is the context, cand the candidate and T (x) is the output of a transformer. Another

advantage of the dual encoder is that because the candidate label can attend to the input context
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during the transformer layers, the Cross-encoder can give a candidate-sensitive input representa-

tion [47].

Figure 2.7: Example of cross-encoder structure [47]. The Cross-encoder combines context and
candidate encoding resulting in richer context-candidate interactions at the cost of slower compu-
tation.

In Chidambaram et al. research, dual encoders for cross-lingual multi-task were found to

achieve strong performance results in language and cross-lingual transfer learning [19]. The first

encoder consists of a sentence encoder that passes sentence embeddings to the transformer encoder

after embedding words and characters.

Even though dual and cross encoders are different from each other, it does not mean that they

can’t be used together.

Wu et al. developed a BERT-based entity linking model using dual-encoders and cross-

encoders [107]. From a very high-level perspective, context and entities are inputted in the bi-

encoder, then encoded into dense vectors. After this process, the output from the bi-encoder is

passed to the cross-encoder for ranking. In one transformer, the cross-encoder encodes context

and entity, then applies an additional linear layer to compute the final score for each pair.

2.2 Text Representation Methods

Text representation is fundamental for Information Retrieval. By text representation it is under-

stood the mathematical representation of unstructured data, so that the computer can process it.

Although, text representation is extremely important in Natural Language Processing, which

aim to analyze language, the machine learning architectures used for this purpose cannot under-

stand the text as humans do. To feed some knowledge to these machine learning architectures, the
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text that humans can read needs to be converted to vectors of numerical values, thus representing

information to the models that can then perform tasks like classification or regression.

Many techniques have been proposed to represent text [108]; some examples are Bag Of Words

(BoW) [37], TF-IDF Vectorization, and word embeddings models such as Word2Vec [97], GloVe

[80], fastText [11], and BERT [23].

BOW focuses on capturing the term frequency of a word in a document. In this model, the text

is represented as a multiset of its words (bag), and it is widely used in document classification,

where the frequency of each word is used as a feature, to find relevant documents to the user’s

query [73].

TF-IDF Vectorization is a technique based on the BoW model. It considers the importance

of a word in a document, allowing TF-IDF to perform better at finding relevant documents than

BoW. Nevertheless, unlike Word2Vec, it cannot capture the meaning of the words.

Word2Vec uses a neural network on a vast text corpus to learn word associations. Two new

model architectures were proposed [74] to minimize computational complexity for learning dis-

tributed representations of words. These architectures are CBoW and continuous Skip-Gram.

Continuous Bag-of-words (CBoW) is similar to a neural net language model (NNLM) but

removes the non-linear hidden layer. In CBoW, all the words share the projection layer, and this

model predicts the current word based on the context from a window of history and future words

at the input.

The continuous Skip-Gram model is similar to CBoW. However, instead of using context to

predict the current word, it uses each current word to predict the surrounding words. The difference

between both models can be visualized in Figure 2.8.

Figure 2.8: CBoW vs Skip-Gram. The Skip-gram predicts adjacent words based on the current
word, whereas the CBoW architecture predicts the current word based on context [74].
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Mikolov et al. later concluded that the CBoW model is better than Skip-gram on syntactic

tasks but worse on semantic ones [74].

2.2.1 Glove

GloVe can be used to find relations between words, like synonyms, and consistently outperforms

word2vec, achieving better results faster [80].

This technique produces word vectors for each document’s word, and its central intuition is

to observe that ratios of word-to-word co-occurrence probabilities can encode some meaning. To

accomplish so, a vocabulary function will store and calculate each often-occurring word. Then a

matrix will be formed using the word-to-word co-occurrence approach to measure the frequency

of occurrence of each pair of words. Following the creation of this matrix, GloVe uses it to train

the dataset, creating a word vector for each word that includes the frequencies weight for each

word that occurs with other words [76].

Pennington et al. created a co-occurrence probabilities table, see Table 2.1, where it helps to

visualize the Probability and Ratio for target words "ice" and "steam" with various probe words.

This example was developed on a 6 billion word corpus [80].

Table 2.1: Co-occurrence probabilities table for target words ice and steam available at [80]

Probability and Ratio k = solid k = gas k = water k = fashion
P(k|ice) 1.9×10−4 6.6×10−5 3.0×10−3 1.7×10−5

P(k|steam) 2.2×10−5 7.8×10−4 2.2×10−3 1.8×10−5

P(k|ice)/P(k|steam) 8.9 8.5×10−2 1.36 0.96

The authors confirmed that the word ice co-occurs more often with the word solid than with

gas. As for the word steam, it is the opposite; it co-occurs more with the word gas than with the

word solid. Another observation that was made is that the ratio of probabilities encodes some

meaning. This meaning is supported by the value of the ratio of probabilities; much greater values

than 1 correlate well with properties specific to ice, and much smaller values than 1 correlate well

with properties specific to steam.

2.2.2 FastText

FastText is an open-source library developed by Facebook AI Research lab and is used to build

scalable solutions for text representation and classification [11] [51].

Sentence representation is done using bag of words and bag of n-grams – the usage of n-grams

was necessary since bag of words is invariant to word order, and bag of n-grams captures partial

information about the local word order – and subword information, linguistic units that are smaller

than a word. Instead of representing a word, it breaks the word down to character n-grams and

learns embeddings for them. This approach solves a problem that many NLP models have when a

model has a word in a test set that was not in the train set, and the model can not create a vector
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representation for the word. Since fastText uses n-grams, it can represent these words that did not

exist in the train set [72].

When the number of classes is large, computing a linear classifier is computationally expen-

sive. Therefore, Joulin et al. [51] decided to implement a hierarchical softmax [34] to improve

the running time. In this structure, each node has a probability associated, representing the prob-

ability of the path from the root to that node, which means that the probability of a child node is

always smaller than the probability of the parent. The use of this classifier vastly reduces the time

complexity of model training.

2.2.3 BERT

BERT is a multi-layer bidirectional structure based on a Transformer encoder, meaning that it can

learn context from both left and right sides of an input embedding [23]. It achieved state-of-the-

art performance, being used for many problems such as Neural Machine Translation, Question

Answering, Sentiment Analysis, Text Summarization, and several classification tasks.

The BERT input, as shown in Figure 2.9, is represented by the sum of the token embeddings,

segment embeddings, that store information about the sentence in which the token is inserted, and

position embeddings complement the token embedding providing information about the position

of the token in the sentence. This sum allows the model to have a sense of order; in other words,

the model knows the position of a word in the sentence.

Input
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Embeddings
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Figure 2.9: BERT input representation.

There are two different steps in this framework: pre-training and fine-tuning, see Figure 2.10.

In pre-training, the model makes use of unlabeled data to train through two unsupervised tasks:

Masked Language Modeling (MLM) and Next Sentence Prediction (NSP).

MLM consists in masking, assigning a MASK token, to 15% of the input words, after that the

model runs this already masked sentence and tries to predict the masked words.

NSP is a more straightforward task that focuses on understanding sentences relations. Two

sentences are given to the model and the model has to predict if they are followed by each other

or not.

The fine-tunning task, unlike pre-training, uses already labeled data from the target task. The

authors decided to fine-tune BERT using a self-attention mechanism. This approach joins two
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Figure 2.10: Overall pre-training and fine-tuning procedures for BERT [23]

stages: encoding text pairs and bidirectional cross attention. Merging these two stages includes

bidirectional cross attention between two sentences. This model represents a considerable contri-

bution to the NLP community since the same pre-trained bidirectional model can be used to solve

many different NLP problems.

2.3 Information Retrieval

Information retrieval is the process of searching for documents, information inside a document, or

even searching for other types of data, like images, audios, and videos.

Over the past decades, with the increasing amounts of data being generated, it became neces-

sary to have easy access to organized information. This prompted the creation of IR.

IR is present in our daily lives even though we might not realize it. For example, when using

web search engines, we are accessing IR systems, which when given a query, assist a user to have

access to specific information. Still, it does not provide a precise answer; it provides information

about the documents that might contain the required information.

An Information Retrieval Model can be defined as a set of algorithms used to rank and retrieve

documents, sorted by their relevance score given the user’s query. Examples of models for this

process are Boolean Models [95], Vector Space Models, and Probabilistic Models [6] [43].

Boolean Models were one of the first to be used in the IR field and are still widely used. Even

though they do not rank the retrieved documents by their relevance, they sort the documents by

some order, for example, by date. To use these systems, the users needed to specify the information

they wanted using a complex boolean (NOT; OR; AND) combination. Therefore, it is tough for a

user to form a good query.

Vector Space Models are models for representing text as vectors of terms. These models

analyze the similarity between the query vector and the document vector to rank a document for a
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query (assigning a numeric score). Usually, to measure this similarity, it is used the cosine of the

angle between the two vectors; this method is called Cosine Similarity and will be analyzed more

in-depth later.

Probabilistic Models [31] aim at predicting the probability that a specific document d will be

categorized as relevant or not given a query q; the probability can be represented by the following

equation P(R|q,d). Following the basic assumption that terms are distributed differently in relevant

and non-relevant documents, it is only necessary to distinguish between documents with different

sets of relevant terms, the probability becomes P(R|q,x), where x is a binary vector that represents

the set of terms occuring in a document, the value of the term’s representation in the vector is 1 if

the term is present in the document or 0 if it is absent. As a result, various documents having the

same collection of terms will produce the same exact approximation of the possibility of relevance

given a query.

In the context of probabilistic models, Dirichlet is widely used. The Dirichlet smoothing

function avoids unrecognized terms having an estimated zero probability, which is accomplished

by giving them small values derived from noticed terms. This model is document size-dependent

since longer documents allow better probabilistic estimation. This model is given by the following

equation [111]:

pµ(w|d) =
c(w;d)+µ p(w|C)

∑w c(w;d)+µ
(2.10)

where w is the weight of a term, c(w;d) the document term frequency, µ the smoothing parameters,

p(w|C) is the collection language model, and pµ(w|d) is the dirichlet smoothed probability of a

word seen in a document [3][111].

To provide the most relevant and accurate results, there must be a function capable of as-

signing a score to each outcome. It depends on the features selected to score, like similarity or

word relevance in a document. Some examples of widespread scoring functions are TF-IDF [86],

BM25 [100], and to measure the similarity of vectors Cosine Similarity [83].

TF-IDF is a measure used to evaluate the relevance of a word in a document in a collection

of documents. This is calculated using two different properties: term frequency and inverse
document frequency.

Term frequency analyzes the importance of a word. In order to do so, it counts the instances

of a word in a document. There is a problem with this analysis, there are many words that are not

important for a document, but have a huge number of instances, for example: “this”, “the”, “is”...

Inverse document frequency was used as a solution for this, which calculates how rare or

common a word in a document is by decreasing the weight value of words that appear in many

documents and increasing the weight for words that are not used very often.

TF-IDF is the product of term-frequency and inverse document frequency and can be repre-

sented by the following equations [38]:

Y (t,d,D) = T F(t,d)× IDF(t,D); (2.11)
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T F(t,d) =
ft,d

∑t ′∈d ft ′,d
; (2.12)

IDF(t,D) = log(
N

|d ∈ D : t ∈ d|
), (2.13)

where t is the term, d a document, D, the corpus and N the number of documents in the corpus.

BM25 is possibly one of the most used and essential functions in information retrieval and is

used to estimate the relevance of documents to an input query. It is a non-linear combination of

three document attributes: document frequency, document length, and term frequency. Tradition-

ally, this function considered a document description restricted to two fields (body and title), but

since using more fields could provide different relevance scores and increase the ranking accuracy,

an extension of this function was created (BM25F) [100].

The following equation represents the BM25 score :

BM25 = ∑ t∈qT Ft × It , (2.14)

where T Ft is the term frequency already represented in the equation 2.12, and It [89] :

It = log(
N −d f +0.5

d f +0.5
), (2.15)

with d f being the document frequency of term t, and N being the number of documents in the

collection.

When it comes to performance, BM25 does well on single content fields. Still, it is outper-

formed by linear models when applied to single popularity fields (anchor text and query click

information) [100].

Cosine similarity is used to measure similarity between two texts. It measures the cosine of

the angle between two vectors of an inner product space. This measurement will analyze if the

vectors are pointing in the same direction, which means that the closer the cosine value to 1, the

greater the match between two vectors and the smaller their angle. If the value is 0, the vectors’

angle is 90 degrees, having no matches between them. The cosine similarity between two vectors

x and y can be calculated using the following equation:

similarity(x,y) =
x · y

∥x∥∥y∥
. (2.16)

2.4 Argumentation and Natural Language Processing

Arguments are used every day by almost every individual. When someone needs to take a stance,

contradict someone, or persuade, that person needs to have good arguments.

Extensive research was done to help qualify and explain the process of argumentation. How-

ever, there will not be a comprehensive analysis of theoretical argumentation models since our

focus is more superficial.
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The data provided for this task contain many arguments. Each argument is split into sentences

that represent either a conclusion or a premise. Each argument contains more information, such as

the topic discussed, the stance of the argument, the source text, and the location of the argument

inside the source text.

Args.me corpus has a large collection of data containing 387 740 arguments, which will be

considered, evaluated, ranked, and retrieved by a model developed for the Touché Task 1. These

arguments must be helpful for users during a conversation, get overviews of pros and cons, or help

the user defend its stance.

Argument evaluation can be done by considering its convincingness. Generally, assigning a

convincingness score to an argument is subjective since it may lack some context or might conflict

with the reader’s beliefs.

Habernal and Gurevych offered a novel task of predicting the persuasiveness of arguments in

a pair and ranking arguments linked to a particular topic [36]. It was also mentioned by Habernal

and Gurevych that a single argument’s convincingness ranking would be difficult to perform since

it could be affected by the annotator’s bias. The authors introduced the pairwise comparison

idea, where an argument is considered more convincing than the other, or they might be equally

convincing.

2.5 Summary

In this Chapter, essential architectures for NLP were covered, such as Transformers and BERT.

We also approached different text representation techniques, widely used in IR approaches, such

as BoW, TF-IDF Vectorization, Word2Vec. It was crucial to cover these architectures since they

are the foundation for the approaches described in the next Chapter.



Chapter 3

State of the Art

This chapter is divided into three sections. The first one describes proposed methods to approach

sparse retrieval, while the second one presents models developed for dense retrieval. The last one

describes the approaches for both the 2021 and the 2022 editions of the Touché Task 1.

3.1 Sparse Retrieval

Sparse retrieval is a technique that uses sparse representations of documents without needing to

employ neural networks, e.g. BM25 ranking BoW representations.

3.1.1 LambdaBM25

LambdaBM25 [100] is a data-driven machine learning model based on the attributes of BM25,

already explained in Section 2.3, training method of LambdaRank [17], and evaluation measure

Normalized Discounted Cumulative Gain (NDCG) [48].

LambdaRank is a neural network learning technique based on lists and pairs. It is a RankNet

extension that learns from pairs of documents per query, each with its own set of relevance la-

bels [16]. The primary distinction between these two approaches is that LambdaRank focuses

on the gradients of costs rather than on cost functions like RankNet; consequently, LambdaRank

achieves a considerable speedup over RankNet.

Because it is multilayer and the truncation level can be selected to reflect how many documents

are given to the user, NDCG is especially well suited to Web search applications. Burges et al.

defined NDCG’s formula as follows:

NDCGi = Ni

L

∑
j=1

2r( j)−1

log(1+ j)
(3.1)

For LambdaBM25 project it was considered a relevance scale with 5 levels, therefore r(j)

belongs 0,...,4, where r(j) is the relevance of the document at rank position j. L is the truncation

level to which this normalized gain is computed, and the constant of normalization Ni was chosen

so that a perfect ordering would yield NDCGi = 1.

19
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LambdaBM25 focuses on NDGC λ -gradients. These gradients are used to organize the pair

of items before starting the list’s final order, and they can be thought of as document indications

that indicate where they should move, where a positive lambda suggests a push towards the top

and a negative suggests a push towards the bottom of the list. Burges et al. draw an analogy

between documents returned for a given query and points of mass. As a result, λ j corresponds to a

force in the point of mass j M j, implying that the sums of λ must be 0 to prevent the system from

accelerating. To put it another way, if λA is computed based on its location concerning B, then λB

should increase by an amount equal to and opposite to λA to avoid this pair from accelerating.

3.1.2 SparTerm

SpartTerm is a framework for learning sparse representations of terms throughout the whole lexi-

con [9]. This system develops a function to transfer the frequency-based BoW representation to a

sparse term importance distribution using pre-trained language models (PLM). This allows one to

use term-weighting and expansion in the same framework (see Figure 3.1).

Figure 3.1: Comparison between BoW and SparTerm representations. This figure indicates the
weight difference between the semantically important phrases. It demonstrates that the relevant
weights are more profound with SparTerm and can even expand phrases not occurring in the
passage [9].

SpartTerm consists of two modules (see Figure 3.2) with the same architecture as BERT: the

importance predictor and the gating controller.

By displaying the semantic relevance of all terms in the vocabulary, the importance predictor

integrates term weighting and expansion. This module produces a dense semantic importance

distribution Ix by employing a BERT-based encoder to acquire deep embeddings with context for



3.1 Sparse Retrieval 21

Input passage

...


Importance
Predictor Gating Controller

Sparse representation


Importance distribution Binary gating

Figure 3.2: Representation of SparTerm architecture.

each word wx in passage p. Each h represents the surrounding context from a position x, offering

a semantic analysis of which terms are linked to the current passage’s topic :

Ix = Trans f orm(hx)ET +b (3.2)

where E is the shared word embedding, b the bias and Trans f orm is a linear transformation. The

final importance prediction module can be obtained by simply adding all the token-wise impor-

tance distributions:

I =
L

∑
x=0

Relu(Ix) (3.3)

where L is the sequence length of the passage, and Relu is an activation function to ensure that the

importance logits do not have negative values.

The gating controller generates a binary signal describing the words to activate, to indicate the

input passage. For this objective, two distinct gating controllers have been proposed: literal-only

gating and expansion-enhanced gating. In literal-only gating, only terms from the original text

are considered to activate in the passage representation G(p) = BoW (p). On the other hand, the

fundamental goal of the expansion-enhanced controller is to deal with a lexical mismatch; to do

so, it generates a passage-wise dense word gating distribution G, which represents the probability

of the term being in the final sparse representation.
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To ensure the sparsity of G, a binary activation function Binarizer is applied :

G′ = Binarizer(G) (3.4)

With the binarized distribution G′, the gating vector for expansion terms Ge is calculated:

Ge = G′⊙ (¬BoW (p)) (3.5)

where (¬BoW (p)) is used to ensure orthogonal to the literal-only gating. At last, by adding

the expansion gatting and the literal-only gating, the final expansion-enhanced gating vector is

obtained :

Gl e = Ge +BoW (p) (3.6)

3.1.3 SPLADE v2

The introduction of large pre-built language models such as BERT has re-shaped NLP and IR

since these large models have shown a potent capacity to adapt to multiple tasks by making slight

modifications. However, even as BOW models are still good starting points, they struggle with the

long-standing issue of vocabulary mismatch, in which relevant documents may not include terms

that emerge in the query. As a result, learned (neural) rankers have tried to replace these con-

ventional approaches. Still, creating such large models presents numerous difficulties regarding

efficiency and scalability. Thus, procedures in which most of the data processing could be done

offline and online inference is fast are actually needed.

Given the lack of exact term matching, dense retrieval using approximated closest neighbors

search has yielded excellent results while still benefiting from BoW models. As a result, there is an

increasing interest in studying sparse representations for queries and documents. Thereby, mod-

els can possess desirable characteristics of BoW models such as exact-match of terms, inverted

index efficiency, and interpretability. Furthermore, similar to usual expansion models in IR, these

models can decrease vocabulary mismatch by modeling implicit or explicit (latent, contextualized)

expansion processes.

SPLADE v2 [29], offered various enhancements to the SPLADE model [30], which is a model

that learns both expansion and compression in an end-to-end technique, and these enhancements

contribute to increased effectiveness or efficiency:

• Formal et al. improved efficacy by reconfiguring the SPLADE pooling mechanism, using a

max pooling operation, SPLADE-max [29]:

w j = maxi∈t log(1+ReLU(wi j)) (3.7)

where wi j is the importance of a vocabulary token j for a input token i :
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wi j = trans f orm(hi)
T E j +b j, j ∈ {1, ..., |V |} (3.8)

where |V | is the vocabulary size, 30522, hi is the input query or document sequence BERT

embedding, E j is the input embedding for token j, and b j is a token-level bias;

• They explored a model expansion without query expansion, using a document version of

SPLADE exclusively, SPLADE-doc. This model is more efficient because it relies on doc-

ument term weights, permitting everything to be pre-calculated and indexed offline while

still achieving competitive results :

s(q,d) = ∑
j∈q

wd
j (3.9)

• The authors improved the efficiency of SPLADE using the distillation approach [45], ob-

taining nearly state-of-the-art results as well as the Benchmarking IR (BEIR) zero-shot eval-

uation.

As a result of these SPLADE adjustments, the BEIR benchmark improves by more than 9%

compared to the leading state-of-the-art results.

3.2 Dense Retrieval

Dense retrieval calculates document relevance using dense representations. It depends on neural

networks and focuses on performing a search on transformer-encoded representations.

3.2.1 STAR and ADORE

For IR, document rating is critical. Nevertheless, traditional approaches for this task have sev-

eral flaws that must be addressed. The traditional model’s approach would fail if the query and

the document utilized different terms with the same meaning, for example, due to a vocabulary

mismatch.

With recent advances in deep learning, several approaches to solving the semantic matching

problem now focus on Dense Retrieval (DR) models. To better abstract the semantic meanings of

queries and documents, these models aim to encode them into low-dimension embeddings.

To improve the existing strategies’ performance, Zhan et al. suggest two techniques to train

DR models effectively: Stable Training Algorithm for dense Retrieval (STAR) and Algorithm for

Directly Optimizing Ranking pErformance (ADORE) [112].

STAR focuses on stabilizing the static hard negative sampling approach, optimizing ranking

performance with static hard negatives (top documents retrieved by a warm-up model for the

training queries), and stabilizing training with random negatives. It leverages a warm-up model

to get the top documents for training queries (static hard negatives). This technique reuses other
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document embeddings in the same batch as random negatives to improve model efficiency rather

than introducing random negative documents to the input.

Training query

Index

Mul

LambdaLoss

pre-processed 

document embeddings

Query encoder

Query embeddings

Figure 3.3: Structure of the proposed ADORE method [112].

ADORE (see Figure 3.3), is a method for training DR models with dynamic hard negative

samples uses the document encoder trained by other approaches and trains the query encoder to

enhance IR metrics. ADORE pre-processes the document embeddings with a pre-trained docu-

ment encoder before the training stage, resulting in the document index. It encodes a series of

queries and utilizes them to retrieve the top documents at each step of the training phase (dynamic

hard negatives). ADORE optimizes ranking performance by retrieving at each step, as explained

in [65]; for the same reason, the LambdaLoss [18]) weight derivation is used.

Zhan et al. concluded that the two proposed strategies improved performance and efficiency

significantly, and that their combination provided the best retrieval performance [112].

3.2.2 ColBERT

Recently, the Information Retrieval field has seen the introduction of several neural classifica-

tion models. In contrast to previous approaches that relied on hand-scraping characteristics, these

models employ representations based on embedding queries and documents and directly simu-

late local interactions among its content material. Among them is a promising innovation that
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fine-tunes deep pre-trained language models (LMs) such as BERT for estimating importance and

resolving vocabulary inconsistencies between documents and queries. However, the noticeable

benefits provided by these LMs come at a substantially higher computational cost. Thus, accord-

ing to Hofstaer et al. [46] and MacAvaney et al. [69] BERT-based models are 100-1000 times more

expensive than prior ones.

In an effort to reconcile performance with contextual relevance in IR, Khattab et al. presented

ColBERT [54], a categorization model based on contextualized late interaction over BERT. Col-

BERT, as the name suggests, is a late interaction paradigm for estimating the relevance of a query

q and a document d. Late interaction encodes q and d independently in two components of con-

textual embeddings, and the relevance is measured between both combinations using low-cost and

pruning-friendly calculations.

Figure 3.4: General architecture of ColBERT given a query and a document [54].

Figure 3.4 depicts the general design of ColBERT, which contains a question encoder, a doc-

ument encoder, and a late interaction mechanism. Given a query q and a document d, the query

encoder encrypts q into a bag of fixed-size embeddings Eq, while the document encoder integrates

d into a separate bag Ed . Importantly, each embedding in Eq and Ed is integrated depending on

the other terms in q or d. Furthermore, the model employing Eq and Ed computes the relevance

score between q and d via the late interaction, which is calculated as a sum of maximum similarity

operators – MaxSim (e.g., cosine similarity).

The following equation gives this similarity score:

Sq,d =
n

∑
i=1

maxm
j=1Eqi ·ET

d j
(3.10)

where Eq with length n and Ed with length m are the final vector sequences derived from q and

d [53].
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Provided these term scores, ColBERT calculates the document’s relevance by adding the

matching proof for all query terms. Furthermore, the results demonstrate that ColBERT seems

to be more than 170 times faster and necessitates 14,000 fewer FLOPs per query than established

BERT-based designs (see Table 3.1), all while affecting effectiveness minimally and outperform-

ing each non-BERT baseline (see Table 3.2). As a result, ColBERT proposes a simple structure

for reconciling the performance and cost of neural IR. Its late interaction approach is not limited

to BERT, allowing it to be used on various architectures.

Table 3.1: Re-ranking results on MS MARCO. The re-ranking is perfomed on the top-1000 results
produced by BM25. Table taken from [54].

Method MRR@10 MRR@10 Re-ranking Flops/query
(Dev) (Eval) latency (ms)

BM25 (official) 16.7 16.5 - -
KNRM 19.8 19.8 3 592M(0.085×)
Duet 24.3 24.5 22 159B(23×)
fastText+ConvKNRM 29.0 27.7 28 78B(11×)
BERTbase 34.7 - 10,700 97T (13,900×)
BERTbase (The authors training) 26.0 - 10,700 97T (13,900×)
BERTlarge 36.5 35.9 32,900 340T (48,600×)

ColBERT (over BERTbase) 34.9 34.9 61 7B(1×)

Table 3.2: End to end retrieval on MS MARCO; each model retrieves top-1000. Acquired
from [54].

Method MRR@10 MRR@10 Latency Recall Recall Recall
(Dev) (Local Eval) (ms) @50 @200 @1000

BM25(official) 16.7 - - - - 81.4
BM25(Anserini) 18.7 19.5 62 59.2 73.8 85.7
doc2query 21.5 22.8 85 64.4 77.9 89.1
DeepCT 24.3 - 62 69 82 91
docTTTTTquery 27.7 28.4 87 75.6 86.9 94.7
ColBERTL2(re− rank) 34.8 36.4 - 75.3 80.5 81.4
ColBERTL2(end − to− end) 36.0 36.7 458 82.9 92.3 96.8

3.2.3 DistilBERT

Transfer Learning approaches in Natural Language Processing have greatly increased in recent

years. Nonetheless, despite significant advancements, these models have become more complex.

As a result, this preference for larger models raises several concerns, including:

• The environmental cost of massively scaling these models’ computational needs;

• The increasing computational and memory requirements of these models may limit their

widespread implementation.
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To take advantage of the larger models while avoiding the drawbacks associated with them, the

method of knowledge distillation emerged. This is a compression technique where a small model -

the student - is instructed to mimic the behavior of a larger model - the teacher - or a set of models

[15] [44]. Thus, based on this concept, Sanh et al. [96] demonstrated that using much smaller

linguistic models pre-formed with knowledge distillation, it is possible to achieve similar or even

higher results than these larger models, resulting in lighter and faster models that require less

expensive computational training. As a result, these smaller models retain the plasticity/versatility

of larger models while remaining small enough to operate on mobile platforms, for example.

Therefore, based on this approach DistilBERT (distilled version of BERT) was born.

DistilBERT is a small model that shares the same basic architecture as BERT. However, the

token-type embeddings and pooler were removed, and the number of layers was reduced by a

factor of 2. In addition, this smaller model preserves 97% of the language comprehension skills

while being 40% smaller and 60% faster than the large model that gave rise to it, which can be

observed in Table 3.3.

Table 3.3: DistilBERT and BERT performance, accuracy, size and speed comparison [96].

Model Score IMDb params Inf. Time
Accuracy (×106) (s)

BERT-base 79.5 93.46 110 668
DistilBERT 77.0 92.82 66 410

3.2.4 MiniLMv2

Transformers that have been pre-trained have proven to be quite successful for a wide range of

natural language operations. These models, however, often have a large number of attributes and

are becoming increasingly sophisticated. Due to computational resource constraints and latency,

these increasingly sophisticated models present challenges for fine-tuning and online serving in

real-world applications.

The findings of published work [96] [105] [99] [49] use self-attention distributions to under-

take knowledge distillation training, which has the disadvantage of requiring the student model to

have the same number of attention heads as the teacher.

MiniLMv2 provides deep self-attention distillation, with the student model being led by self-

attention distributions and value relations to mirror the teacher’s self-attention configurations

closely [105]. As a result, MiniLM reveals that transferring the teacher’s last layer trumps layer-

wise distillation.

Furthermore, using self-attention relation distillation, successfully generalized and completely

simplified MiniLM, resulting in MiniLM v2 [104]. This model differs from earlier techniques in

that it employs multi-head self-attention relations of pairs of queries, keys, and values to overcome

the limitation on the number of students’ model attention heads. The scaled dot-product of the

pairs of queries, keys, and values of multiple relation heads provides the concept of multi-head

self-attention values relations, as shown in Figure 3.5.
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Figure 3.5: Representation of MiniLM v2 multi-head self-attention relations concept. First,
the concatenation of self-attention vectors of distinct attention heads is performed to obtain the
queries, keys, and values vectors of numerous connection heads. It then splits them according
to the number of relation heads required. The authors chose to convey Q-Q, K-K, and V-V self-
attention relations to establish an equilibrium between performance and training speed. Image
taken from [104].

Moreover, the authors conducted thorough distillation experiments on a diverse group of large-

sized teachers and discovered that harnessing a teacher’s upper-middle layer knowledge resulted in

better outcomes. The results of the experiments also demonstrated that the strategy was adequate

for a wide range of monolingual and multilingual teachers in various groups, outperforming the

present state of the art.

Finally, as indicated in Table 3.4, the authors conducted studies to increase the number of self-

attention relationships. Even if the model’s performance improves, adding more self-attention

interactions increases computational costs; thus, the authors chose to transfer the Q-Q, K-K, and

V-V self-attention relations to establish a balance between performance and costs.

3.2.5 Sentence-BERT

Sentence-BERT (SBERT) [87] is a pre-trained BERT network modification that employs siamese

and triplet network structures to generate semantically meaningful sentence embeddings that can

be compared via cosine similarity. The effort required to locate the most matching pair is reduced

from 65 hours with BERT or RoBERTa to 5 seconds with SBERT while preserving accuracy.

SBERT adds a pooling procedure to the BERT/RoBERTa output to provide a fixed-sized sen-

tence embedding. Three pooling strategies were tested: Using the CLS-token output, compute the

mean of all output vectors (MEAN), and compute the vectors’ maximum-over-time (MAX). Three

different objective functions were used to assess the model:
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Table 3.4: Data outcome of introducing more self-attention relations [104], where ( L × H
MiniLMv2) is the model MiniLMv2 with L layers and H hidden size. The experiments were per-
formed on two single-sentence classification tasks (SST-2) [98], one inference task (MNLI) [106],
and SQuAD2 [84], considered a significant question-answering benchmark.

Model Teacher SQuAD2 MNLI-m SST-2
6×384 MiniLMv2 BERTBASE 72.9 82.8 91.3
6×384 MiniLMv2 + Att-Rels BERTBASE 73.3 82.8 91.6
6×384 MiniLMv2 BERTLARGE 74.3 83.0 91.1
6×384 MiniLMv2 + Att-Rels BERTLARGE 74.7 83.2 92.4
6×384 MiniLMv2 RoBERTaLARGE 76.4 84.4 92.0
6×384 MiniLMv2 + Att-Rels RoBERTaLARGE 76.0 84.4 92.1
6×768 MiniLMv2 BERTBASE 76.3 84.2 92.4
6×768 MiniLMv2 + Att-Rels BERTaBASE 76.8 84.4 92.3
6×768 MiniLMv2 BERTLARGE 77.7 85.0 92.5
6×768 MiniLMv2 + Att-Rels BERTLARGE 78.1 85.2 92.5
6×768 MiniLMv2 RoBERTaLARGE 81.6 87.0 94.5
6×768 MiniLMv2 + Att-Rels RoBERTaLARGE 81.2 87.3 94.1

• Classification Objective Function: The output is supplied by the equation:

o = so f tmax(Wt(u,v, |u− v|)), Wt ∈ R3n×k (3.11)

where u and v are sentence embeddings and |u− v| is the element-wise difference. Wt is the

trainable weight, n is the sentence embedding dimension, and k is the number of labels, as

shown in Figure 3.6.

• Regression Objective function: Cosine similarity between two sentence embeddings, as

shown in Figure 3.6.

• Triplet objective function: Triplet loss tunes the network for an anchor sentence a, a positive

sentence p, and a negative sentence n to such an extent that the distance between the anchor

and the positive sentence is smaller than the distance between the anchor and the negative

sentences:

max(||sa − sp||− ||sa − sn||+ ε,0) (3.12)

where sx is the sentence embedding for x = aornorp, ||sa − sp|| is the distance between an-

chor sentence embeddings and positive sentence embeddings, and a margin ε which ensures

that sp is ε closer to sa than sn.

The authors stated that BERT is unsuitable for usage with common similarity measurements,

and SBERT was designed to address this. SBERT can be utilized for computationally impossible

tasks to represent using BERT. For example, computing 50 million sentence combinations with

BERT would take 65 hours, but only 5 seconds with SBERT.
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BERT BERT BERTBERT

Sentence A Sentence B Sentence A Sentence B
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u v u v

(u,v, |u-v|) cosine
similarity (u,v)

softmax
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Figure 3.6: SBERT architecture examples. On the left, the SBERT architecture with the clas-
sification objective function, and on the right, SBERT architecture with the regression objective
function [87].

3.3 Touché

Various teams participated in Touché Task 1, in the 2021 edition and also in the 2022 edition. Each

teams’ approach is then reported in a Task Overview [13] [12]. These approaches, and the data for

the task are explored in this section.

3.3.1 Approaches for the 2021 edition

There have been some tested approaches in previous editions of this Touché Task 1. As described

in Bondarenko et al. [13], the usual approaches are based on DirichletLM [70] [81] and BM25 [90]

models combined with WordNet [27] for query expansion.

Elrond, the team with the highest relevance score, utilized a DirichletLM-based retrieval

model, using also the Krovetz stemming method [56], and excluded stop words.

In the case of Heimdall [32], which was the team with the highest quality score, they utilized

a DirichletLM but integrated with a topical relevance analysis using Universal Sentence Encoder

and k-means clustering, and finally, a support vector regression model for argument quality trained

on the Webis-ArgQuality-20 corpus1.

Pippin Took uses DirichletLM as their retrieval model and WordNet-based query expansion.

The team Robin Hood used phrase embeddings combined with a query expansion method -

RM3 [59]. In this approach both the premise and the conclusion of an argument are represented in

two separate vector spaces, an then uses their cosine similarity on the embedding query to calculate

the arguments rank.

1https://zenodo.org/record/3780049

https://zenodo.org/record/3780049
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Asterix approach combines WordNet-based query expansion with BM25 retrieval model. Later,

a quality-aware linear regression model is used to re-rank.

Team Dread Pirate Roberts used a DirichletLM to perform the ranking and then a Lamb-

daMART model to re-rank the top-100 results.

At last, team Skeletor used a fine-tuned a BM25 model combined with the cosine similarity of

passages calculated by a phrase embedding model.

3.3.2 Approaches for the 2022 edition

For the 2022 edition of the Touché Task 1 [12], the approaches focused on retrieval models such

as TF-IDF, DirichletLM, BM25, and DPH [5]. The participating teams also used existing toolkits,

such as Apache OpenNLP 2 for language detection, Project Debater API [10] for stance detection

in arguments, and classifiers [33] [88] trained on the IBM Rank 30k corpus [35] for argument

quality detection.

The tasks’ baseline, Swordsman, employed a graph-based approach that ranked the sentences

of an argument by their centrality in the argument graph as proposed by Alshomary et al. [4].

Team D’Artagnan, which placed fourth, seventh and fifth in relevance, quality and coherence

respectively, used BM25 and DirichletLM models, stemming, n-grams, stopword removal, and

query expansion with WordNet [75] and word2vec [74].

The team Daario Naharis developed a retrieval system using Lucene TF-IDF implementa-

tion and re-ranked the sentence pairs based on stance detection using the Project Debater API,

achieving the best quality and coherence score, and ranking second in relevance.

Lucene-based approaches were developed by team Gamora, which placed fifth, third and sev-

enth in relevance, quality and coherence respectively . The team added the title of a discussion and

their stance on the topic to the document to obtain document-level relevance and quality scores.

For document similarity, the team used BM25 and DirichletLM; for sentence agreement, the team

used SBERT and TF-IDF.

The team General Grevious used an IR pipeline Lucene-based extended with LowerCaseFilter,

EnglishPossessiveFilter, and LengthFilter. BM25 and Dirichlet-based along with RAKE [91] were

used for document and sentence relevance; for re-ranking, the members relied on sentiment and

readability analysis. Even though the team used re-ranking approaches, their best model solely

relies on query expansion, resulting in ninth in relevance and tenth in quality and coherence.

Team Gorgon, placed in eighth, sixth, and eigth in relevance, quality and coherence, used

Lucene for retrieval and compared BM25 and LMDirichlet similarity measures developing four

different analyzers combining: LowercaseFilter, Krovetz stemmer, EnglishPossessiveFilter, and

StopwordFilter. The sentence pairs were formed by creating all possible combinations of sentences

within a single document.

The team Hit Girl, which placed sixth in relevance and coherence, and fourth in quality, pro-

posed a combination of semantic search and argument quality agnostic models for re-ranking.

2https://opennlp.apache.org/

https://opennlp.apache.org/


State of the Art 32

Even though argument quality re-ranking improved the quality score, it had an effect on the rel-

evance score. As a result, the team proposed structural distance, a re-ranking method that uses

fuzzy matching between the query and the sentences based on the part of speech tags.

Team Korg ranked eleventh in all metrics, relevance, quality and coherence. The team pro-

posed to use ElasticSearch3 with LM-Dirichlet similarity measure to identify the best matching

argumentative sentences for a query. Doc2vec [60] trained on all sentences in the argsme corpus,

or GPT-2 [82] was used to find similar sentences by direct comparison and generation. To pre-

process the sentences, the team used LowercaseFilter, AsciifoldingFilter with Krovetz stemmer,

and a stopword list.

To retrieve argumentative sentences, team Pearl used DirichletLM and DPH models in a two-

stage retrieval pipeline. The argument quality scores were then used as a pre-processing step to

eliminate noise examples. With this approach, the team ranked third in coherence, seventh in

relevance and eighth in quality.

Finally, Elasticsearch with DirichletLM and BM25 was used for retrieval by team Porthos,

which received the highest relevance score, and second place for both quality and coherence. Prior

to retrieval, the team used the SVM of [33] and the BERT approach of [88] to remove sentence

duplicates and filter irrelevant sentences by removing sentences in an incorrect language. SBERT

and BERT trained for the next sentence prediction task form the sentence pairs.

3.4 Summary

This Chapter explored some proposed state-of-the-art approaches for information retrieval. The

models described provided an insight on how to approach information retrieval problems, which

we based our approach on, described in Chapter 5. Even though the architecture used to approach

Touché Task 1 is essential, so is the data processing. Thus, the next chapter presents a comprehen-

sive analysis of the used data.

3https://www.elastic.co/

https://www.elastic.co/


Chapter 4

Data

It is critical for the development of this work to fully comprehend the data presented and to seek

out additional data to improve the approaches used to address the stated problem. Hence, in this

chapter, all the data used for this research project is thoroughly described, such as the data provided

for Touché Task 1 and complementary data used to train an argument quality model.

4.1 Data

As mentioned in Section 1.1, the data for the Touché Task 1 was available at the webpage of the

sub-task, and was gathered from four different debate portals: Debatewise (14 353 arguments) ,

IDebate (13 522 arguments), Debatepedia (21 197 arguments), Debate.org (338 620 arguments),

and from the Canadian Parliamentary discussions (48 arguments). This data comprises 387 740

arguments, and were provided through the args.me [103] search engine.

Each argument has an identifier (id), a conclusion, a premise supporting the conclusion, and

a context. The premise field contains not just the premise’s text but also its stance. The context

section comprises the discussion title as well as extensive information about the source and how

the argument was obtained. Since each argument contains a lot of information, we chose to focus

on five fields: id, conclusion, text, stance, and topic. All other contextual data was omitted to limit

the amount of data and improve its quality, see Figure 4.1 and Listing 4.1.

The format of the Canadian parliamentary data is the same as stated above, but the contents of

the context have non-relevant additional fields, and the discussion title field has been renamed to

topic.

For the 2022 Task, an additional field – sentences – was added to each argument. Given that

the Touché Task 1 for 2022 requests a pair of sentences rather than arguments, this new field was

critical. It comprises the conclusion, each premise sentence, and the ids identifying each sentence.

We provide some data statistics in order to reduce the danger of unexpected data or data mis-

understanding, as shown in Table 4.1 and Figures 4.2a and 4.2b.
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Id

Conclusion

Premises

Context

Text
Stance

Annotations

acquisitionTime
aspects

discussionTitle
mode

sourceDomain
sourceId

sourceText
sourceTextConclusionStart
sourceTextConclusionEnd

sourceUrl

sourceTextPremiseStart
sourceTextPremiseEnd

acquisitionTime
aspects
author

authorImage
authorOrganization

authorRole
date

mode
sourceDomain

authorOrganization

sourceId

sourceTextConclusionStart
sourceTextConclusionEnd

sourceText

sourceTextPremiseStart
sourceTextPremiseEnd

sourceTitle
topic

Canadian 

ParliamentaryIdebate, Debateorg, 


Debatepedia, Debatewise

Figure 4.1: Representation of the data architecture supplied for Touché task 1.

Table 4.1: Table reporting the average, max and min values of sentences, arguments and conclu-
sions.

Parameter Value
Average number of sentences per argument 16.8
Max sentences per argument 1700
Min sentences per argument 1
Average number of sentences per topic 87.7
Average number of arguments per topic 5.2
Average length of premises 1791
Smallest premise size 53
Largest premise size 106062
Average length of conclusion 43.4
Smallest conclusion size 1
Largest conclusion size 1160

Figure 4.2 illustrates the size of premises and conclusions per argument. It can be observed

that the conclusions’ most common values range from 0 to 60, but there are some cases with sig-
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1 {
2 "id": "Sf9294c83−Af186e851",
3 "conclusion": "the War in Iraq was Worth the Cost",
4 "premises": [
5 {
6 "text": "His removal provides stability and security not only for Iraq but for the Middle East as a region",
7 "stance": "PRO",
8 "annotations": []
9 }

10 ],
11 "context": {
12 "acquisitionTime": "2019−04−19T12:40:25Z",
13 "aspects": [],
14 "discussionTitle": "the War in Iraq was Worth the Cost",
15 "mode": "discussion",
16 "sourceDomain": "idebate",
17 "sourceId": "Sf9294c83",
18 "sourceText": "idebate.org Educational and informative news and resources on debate, advocacy and activism for

youth. News Debatabase Events Community Media About Search form Search This House Believes that the
War in Iraq was Worth the Cost The war in Iraq is likely to be remembered for decades... Login with

Facebook Login with Twitter ",
19 "sourceTextConclusionStart": 196,
20 "sourceTextConclusionEnd": 230,
21 "sourceTextPremiseStart": 8137,
22 "sourceTextPremiseEnd": 8234,
23 "sourceTitle": "This House Believes that the War in Iraq was Worth the Cost | idebate.org",
24 "sourceUrl": "https://idebate.org/debatabase/international−middle−east−politics−terrorism−warpeace/house−

believes−war−iraq−was−worth"
25 }
26 }

Listing 4.1: Example of an argument from the IDebate portal.
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Figure 4.2: Size of conclusions and premises per argument.

nificantly different values comprehended between 100 and 1160. Regarding the size of premises,

the most common length is smaller than 6000, but in some cases, these premises might reach

length values from 6000 to 106062.

The task also included input data containing the topics used as queries in addition to the data

containing the arguments. This file enclosed the title and the number of the query for the 2021
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edition, as shown in Listing 4.2; for the 2022 edition, it featured the title, number of the query, topic

description, and narrative, as shown in Listing 4.3. The title is the question itself, the description

provides an explanation and a context for the given question, and the narrative describes the desired

outcome.

1 <topic>
2 <number>51</number>
3 <title>Do we need sex education in schools?</title>
4 </topic>

Listing 4.2: Example of a topic in the 2021 edition input data.

1 <topic>
2 <number>1</number>
3 <title>Should teachers get tenure?</title>
4 <description> A user has heard that some countries do give teachers tenure and others don’t.

Interested in the reasoning for or against tenure, the user searches for positive and negative
arguments. The situation of school teachers vs. university professors is of interest. </
description>

5 <narrative> Highly relevant arguments make a clear statement about tenure for teachers in
schools or universities. Relevant arguments consider tenure more generally, not
specifically for teachers, or, instead of talking about tenure, consider the situation of
teachers’ financial independence. </narrative>

6 </topic>

Listing 4.3: Example of a topic in the 2022 edition input data.

4.2 Complementary Data

Since one of our approaches focuses on pre-training a regression model to predict argument qual-

ity scores, we needed data with premises text and associated quality scores to train our model.

Because the data provided did not have information regarding argument quality scores, we had to

use complementary data. This complementary data was crawled from IBM Debater1 and SIGIR-

19-ArgSearch 2, as show in Table 4.2 and 4.3, respectively.

The IBM debater comprises 5300 arguments, divided by discussion title, and each argument

has a text and a quality rank in the range [0, 1].

The SIGIR dataset was processed before being concatenated with the IBM debater. The con-

clusion, the ranked premise, and four evaluation criteria are included in the SIGIR dataset: rele-

vance, rhetorical quality, dialectical quality, and logical quality. The metrics are scored on a scale

of 1 (very bad) to 4 (very good); since this rank structure does not match the preceding dataset, we

1https://research.ibm.com/haifa/dept/vst/debating_data.shtml
2https://github.com/webis-de/SIGIR-19

https://research.ibm.com/haifa/dept/vst/debating_data.shtml
https://github.com/webis-de/SIGIR-19
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Table 4.2: Example of IBM Debater data.

Id Rank Text
38 0.3 A free people have free will. A free will as long as it does not infringe

on the rights of others. To Gamble should be legal as long as it does
not effect others rights.

42 0.615384615 A government shouldn’t interfere with how citizens spend their
money

52 0.25 A person who wins while gambling can have very large financial
benefits that can change their life for the better.

56 0.166666667 A solution is to develop a form of gambling entertainment that limits
financial and emotional risk.

69 0.7 Able individuals should be allowed to make their own choices. There
is no government or other institution better placed to evaluate the
pros and cons of a decision than the affected individual.

normalized these metrics by adding all the values and dividing the total by 16, yielding weights

ranging from 0 to 1.

Table 4.3: Example of SIGIR data, where T represents the Topic ID, D the Discussion ID , A the
Argument ID, A? Is Argument?, S the Stance, R the Relevance, LQ the Logical Quality, RQ the
Rhetorical Quality, DQ the Dialectical Quality, C the Conclusion, P the Premise and Com the
Comment

T D A A? S R LQ RQ DQ C P Com
1 6608 1 True Con 2 1 2 1 Abortion Should I used to be against personal

Be Banned abortion until attack
I met you.

1 8865 50 True Pro 3 4 2 3 Abortion should Abortion should repetitive
be legal be legal because

if a woman do ...
1 9560 50 True Pro 3 2 1 2 Abortion Should All abortion NaN

Be Banned shouldn’t be banned
However in m...

1 9560 70 True Pro 4 4 4 3 Abortion Should Abortion (elective NaN
Be Banned abortions) should

. be banned..
1 11158 5 True Con 3 2 3 3 Why Abortion What about the NaN

should trauma rape victims
be banned go through?...



Chapter 5

Approach

As described in the Chapter 3, various approaches to tackle information retrieval tasks are avail-

able. This chapter describes the strategies chosen to approach the 2021 and 2022 editions of the

Touché Task 1.

5.1 Addressing the Touché Task 1 2021

For the Touché Task 1, from 2021, the goal was: given a question on a controversial topic, retrieve

relevant arguments from the input data. To do so, we explored various methods from the argument

retrieval field and developed an argument quality model and a cross-encoder for similarity analysis.

We chose to use Pyserini [62], a python toolkit for information retrieval search. This toolkit

allows performing a sparse, dense, and hybrid search.

Our methods range from utilizing a model or a combination of models to retrieve and rate the

quality of the arguments:

• Pyserini sparse retrieval (PS)

• Pyserini dense retrieval (PD)

• Pyserini hybrid retrieval (PH)

• Pyserini sparse retrieval with docT5query query expansion (PS5)

• Pyserini hybrid retrieval with docT5query query expansion (PH5)

• Pyserini sparse retrieval and argument quality model for re-ranking (PSArgQ)

• Pyserini sparse retrieval and argument quality model for re-ranking draw scores only (PSArgQD)

• Pyserini sparse retrieval and cross encoder for re-ranking (PSCE)

• Pyserini sparse retrieval and cross encoder re-ranking draw scores only (PSCED)

38
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To conduct the experiments, all the methodologies mentioned above used the same data; this

data was structured in different layouts (Figure 5.1) to compare the quality and relevance scores

of the information retrieved:

• Premise and conclusion concatenated (PremConc)

• Premise, conclusion and topic concatenated (PremConcTopic)

• Premise, conclusion and DocT5query concatenated (PremConcDT5)

The PremConcDT5 is an approach that concatenates the PremConc approach with the gen-

erated queries using docTTTTTquery model with the PremConc as input, described in Subsec-

tion 5.1.6.

Conclusion

The information age makes
attempting to hide information on

sex impossible

The problem with mandatory sex
education is precisely that it presents

that information in an organized
fashion – by the state.  In doing so the

right of the parents to raise their
children in accordance with their

structure of beliefs is usurped.

Premise

The problem with mandatory sex education is
precisely that it presents that information in an

organized fashion – by the state.  In doing so the
right of the parents to raise their children in
accordance with their structure of beliefs is

usurped. The information age makes attempting
to hide information on sex impossible.

PremConc

Promote Safe Sex
through Education at

Schools

Topic

The problem with mandatory sex education is
precisely that it presents that information in an

organized fashion – by the state.  In doing so the
right of the parents to raise their children in
accordance with their structure of beliefs is

usurped. The information age makes attempting
to hide information on sex impossible. Promote

Safe Sex through Education at Schools

PremConcTopic

why sex education is necessary?
 why is sex education necessary?
 what is sex education's issue?

DocTTTTTquery results

The problem with mandatory sex education is
precisely that it presents that information in an

organized fashion – by the state.  In doing so the
right of the parents to raise their children in
accordance with their structure of beliefs is

usurped. The information age makes attempting
to hide information on sex impossible.why sex
education is necessary? why is sex education

necessary? what is sex education's issue?


PremConcDT5

Figure 5.1: Representation of the three different arrangements of sentences used: PremConc,
PremConcTopic, and PremConcDT5

To evaluate our results on the available evaluation files for the 2021 task edition, we used the

trec_eval tool1, which is the standard tool used by the TREC2 community for assessing a run given

the subjects and evaluation files.

1 https://github.com/usnistgov/trec_eval
2 https://trec.nist.gov/

https://github.com/usnistgov/trec_eval
https://trec.nist.gov/
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5.1.1 Pyserini sparse retrieval

Our first approach focuses on Pyserini’s sparse retrieval -– via integration with the Anserini IR

toolkit built on the Lucene search library [39], both for indexing the data and performing the

search since it performs retrieval with BM25 ranking using bag-of-words representations.

The Pyserini toolkit receives the data as an input, which it indexes and utilizes to search for

the results for a given query.

Both the index and search processes use the Lucene library. For the search process, we speci-

fied how many hits (returned documents) for each question were needed (1000) and which scoring

function to use, which in our case is BM25 scoring using bag-of-words representations, as shown

in Figure 5.2.

Json file(s)

Pyserini

Indexing

Search 

LuceneSearcher

Query

BM25 N hits Top N hits

Figure 5.2: Representation of Pyserini sparse search. Given the input data in JSON format, and a
query, this method will start by indexing the input data, upon which it will perform the search. We
specified the scoring function (BM25) and the pretended number of hits (N hits). LuceneSearcher
will retrieve the top N documents for the input query.

5.1.2 Pyserini dense retrieval

Pyserini incorporates Facebook’s FAISS 3 library for efficient similarity search across dense vec-

tors [50], which in turn incorporates the Hierarchical Navigable Small World Graphs (HNSW)

library [71], see Figure 5.3. HNSW is a fully graph-based solution for the approximate K-nearest

neighbor search based on navigable small-world graphs. It constructs a multi-layer system con-

sisting of a hierarchical set of proximity graphs. This method enables low-latency querying to

facilitate dense and hybrid retrieval.

3 https://github.com/facebookresearch/faiss

https://github.com/facebookresearch/faiss
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Jsonl file(s)

Pyserini

Indexing Search 

FAISS

Query

HNSW

Encoder

Top N hitsEncoder

N hits

Dense

Vectors

Figure 5.3: Representation of Pyserini dense search. Given the input data in JSON lines format
and a query, this method will start by indexing the input data, producing dense vectors, using the
chosen encoder. The search will then be performed upon the dense vectors, using the specified
encoder to convert the query to the exact representation of the documents. It will return the top N
hits, also specified by the user.

For this approach, we had to specify the query encoder. We decided to use different query

encoders, variants of colBERT and distilBERT to observe the performance differences:

• castorini/tct_colbert-v2-hnp-msmarco 4

• sentence-transformers/distilbert-base-nli-stsb-mean-tokens 5

5.1.3 Pyserini hybrid retrieval

The Pyserini’s hybrid search combines the previously stated sparse and dense approaches. The Hy-

bridSearcher class was used to execute the search, which mixes the output of the LuceneSearcher

and FaissSearcher.

Since this retrieval is based on sparse and dense retrieval, we must provide our scoring function

and query encoder. For the scoring function, we chose BM25 with bag-of-words representations.

For the query encoder, we decided to experiment with a broader range of encoders than for dense

retrieval:

• castorini.tct_colbert-v2-hnp-msmarco 6 (TCT-C)

4 https://huggingface.co/castorini/tct_colbert-v2-hnp-msmarco
5 https://huggingface.co/sentence-transformers/distilbert-base-nli-stsb-mean-tokens
6 https://huggingface.co/castorini/tct_colbert-v2-hnp-msmarco

https://huggingface.co/castorini/tct_colbert-v2-hnp-msmarco
https://huggingface.co/sentence-transformers/distilbert-base-nli-stsb-mean-tokens
https://huggingface.co/castorini/tct_colbert-v2-hnp-msmarco
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• sentence-transformers.all-distilroberta-v1 7(ST-AD)

• sentence-transformers.all-mpnet-base-v2 8(ST-AM)

• sentence-transformers.distilbert-base-nli-stsb-mean 9 [87](ST-DB)

• sentence-transformers.paraphrase-albert-small-v2 10 [87] (ST-PA)

Hybrid Search

Indexing

Search 

SimpleSearcher

BM25 N hits Top N hits

Search 

FAISS

HNSW

Encoder

Top N hitsEncoder

N hits

Dense

Vectors

Weighted 

Interpolation

Indexing

Query

Top N hits

Json file(s)

Jsonl file(s)

Figure 5.4: Representation of Pyserini hybrid search. The hybrid search combines the sparse and
the dense search. After having the top N hits from both searches, it will perform a weighted
interpolation to produce the final top N results.

As we can see in Figure 5.4, Pyserini hybrid search utilizes both Pyserini sparse and dense

search. We specify our input data for both the query and the encoder for the dense search. The

model indexes the documents; these indexes are used to search the results for the query. In dense

search, it is also necessary to specify an encoder to convert the query to the exact representation

of the documents. After the search step, the model will use the top N hits from both searches to

perform the weighted interpolation:

φ(q,d) =


α ·φsp(q,d)+ min

d∈Dds
φds(q,d), i f d ̸∈Dds

α · min
d∈Dsp

φsp(q,d)+φds(q,d), i f d ̸∈Dsp

α ·φsp(q,d)+φds(q,d), otherwise

(5.1)

where d is the document, q the query, the hyperparameter α whose optimal value for BM25

is 0.10, Dsp and Dds are the sparse and dense representations of the top N retrieved passages,

7 https://huggingface.co/sentence-transformers/all-distilroberta-v1
8 https://huggingface.co/sentence-transformers/all-mpnet-base-v2
9 https://huggingface.co/sentence-transformers/distilbert-base-nli-stsb-mean-tokens

10 https://huggingface.co/sentence-transformers/paraphrase-albert-small-v2

https://huggingface.co/sentence-transformers/all-distilroberta-v1
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/distilbert-base-nli-stsb-mean-tokens
https://huggingface.co/sentence-transformers/paraphrase-albert-small-v2
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with relevance scores, φsp(q,d ∈Dsp) and φds(q,d ∈Dds), respectively [63]. After the weighted

interpolation, the model retrieves the top N passages according to their scores.

5.1.4 Argument quality model

Argumentation quality is crucial for argument mining, debate technology, and other similar ap-

plications [102]. We developed a model to predict quality scores for individual arguments to

supplement our sparse retrieval approach.

This model employs a SimpleTransformers library pre-train distilbert classification model that

has been fine-tuned using the complementary data presented in Section 4.2. This model was

trained as a regression model to produce a score in the range [0, 1]. This training procedure used

an AdamW optimizer with the epsilon default value (1e-8), to improve numerical stability, and

100 epochs. The learning rate was 5e-5, the train batch size was 16, the evaluation batch size was

8, and the weight decay was 0.1. This model achieved a mean squared error of 0.0429.

AdamW [68] is an improvement of the optimizer Adam, by modifying the weight decay im-

plementation, decoupling weight decay from the gradient update. Weight decay is a form of reg-

ularization to lower the chance of the model fitting the training data perfectly, consequently, the

model would not accurately predict data which was not used during the training stage - overfitting.

The developed argument quality model was then used to re-rank the arguments retrieved by

Pyserini’s sparse search; this method was employed with two variants:

Re-ranking argument quality model: We began by using Pyserini sparse to extract the top

2000 argument for all specified queries; next, all retrieved arguments are parsed into our new

model, which assigns a quality score to each input. Then, we sort the arguments in descending

order for each topic using the quality ratings already determined.

Argument quality model for re-ranking draw scores only: We utilized Pyserini sparse

search, as stated above, to extract the top 2000 for all input queries. Then, rather than re-ranking

all of the arguments, just those returned by Pyserini with tied scores are processed into our model

to break the tie.

5.1.5 Cross-encoder

Cross-encoders, as discussed in Section 2.1.3, are encoders that take two input sentences and

produce an output value ranging from zero to one, expressing the similarity between these two

sentences.

We chose to use a SentenceTransformers distilroberta-based cross-encoder 11 that had been

pre-trained on the STS benchmark dataset 12. Similar to the argument quality model, this cross en-

coder was utilized after the Pyserini’s sparse search to perform re-ranking. Although this strategy

is similar to argument quality models, it will rank arguments based on their semantic resemblance

to the query topic rather than judging argument quality.

11 https://huggingface.co/cross-encoder/stsb-distilroberta-base
12 http://ixa2.si.ehu.eus/stswiki/index.php/STSbenchmark

https://huggingface.co/cross-encoder/stsb-distilroberta-base
http://ixa2.si.ehu.eus/stswiki/index.php/STSbenchmark
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5.1.6 DocT5query

The Pyserini toolkit includes an expansion model, docTTTTTquery 13, otherwise known as docT5-

query, that focuses on predicting queries that an input document may answer. Since our work re-

quired us to retrieve arguments for a specific query, we believed it was critical to test this expansion

model.

In contrast to the strategies outlined before, this expansion model was used before the search.

This model was used to augment the data by feeding it the input arguments and generating possible

queries for these arguments, see Table 5.1 . We then concatenated the argument with the potential

questions.

We conducted sparse and hybrid searches on the new data after this concatenation.

Table 5.1: Example of generated queries using DocT5query for a single premise.

Premise Generated
Query 1

Generated
Query 2

Generated
Query 3

It’s important to be clear that this debate
is looking at the results of the Iraq war
and, by any definition Iraq is in a much
more stable and secure position than it was
in 2003 when American, British and other
international troops arrived in the country.
Whatever one thinks of the initial justifica-
tions for the war there is no doubt that the
country, the region and the world are bet-
ter and safer places without Saddam Hus-
sein[i]. It is easy to criticize the allies but it
is worth bearing in mind that the alternative
was leaving in power a man who had com-
mitted genocide was a vicious and brutal
dictator under whose regime extra-judicial
execution and detention, mass-murder and
torture were commonplace.

why did iraq get
a war started

why iraq war
was necessary

how does the
war in iraq af-
fect the united
states.

5.2 Addressing the Touché Task 1 2022

This year, Touché task 1 announced a similar task to the last year’s, with a significant difference.

Instead of returning the best arguments for a query, the participating teams had to form pairs of

sentences and retrieve those pairs.

This means that the structure of data used as input for this year was different. For this task,

our approach starts by forming the possible pairs of sentences, see Figure 5.5. The sentence pairs

were not restricted to sentences from the same argument. Nevertheless, our team only chose to

form all possible sentence pairs between sentences from the same argument.

13 https://github.com/castorini/docTTTTTquery

https://github.com/castorini/docTTTTTquery
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Raw Data

Data 

Processing

Sentence Pair

Sf9294c83-A9a4e056e__PREMISE__1


Sf9294c83-A9a4e056e__PREMISE__2


It's important to be clear that this debate is
looking at the results of the Iraq war and, by any

definition Iraq is in a much more stable and
secure position than it was in 2003 when

American, British and other international troops
arrived in the country.

Whatever one thinks of the initial justifications
for the war there is no doubt that the country, the
region and the world are better and safer places

without Saddam Hussein[i].

Sf9294c83-A9a4e056e__CONC__1


Saddam Hussein is gone and Iraq is now
functioning as one of very few democracies in

the Middle East




Sf9294c83-A9a4e056e__PREMISE__1,

Sf9294c83-A9a4e056e__PREMISE__2


It's important to be clear that this debate is looking at the
results of the Iraq war and, by any definition Iraq is in a

much more stable and secure position than it was in 2003
when American, British and other international troops

arrived in the country. Whatever one thinks of the initial
justifications for the war there is no doubt that the country,
the region and the world are better and safer places without

Saddam Hussein[i].




Sf9294c83-A9a4e056e__PREMISE__1,
Sf9294c83-A9a4e056e__CONC__1


It's important to be clear that this debate is looking at the
results of the Iraq war and, by any definition Iraq is in a

much more stable and secure position than it was in 2003
when American, British and other international troops

arrived in the country. Saddam Hussein is gone and Iraq is
now functioning as one of very few democracies in the

Middle East




Sf9294c83-A9a4e056e__PREMISE__2,
Sf9294c83-A9a4e056e__CONC__1


Whatever one thinks of the initial justifications for the war
there is no doubt that the country, the region and the world

are better and safer places without Saddam
Hussein[i]. Saddam Hussein is gone and Iraq is now

functioning as one of very few democracies in the Middle
East

Figure 5.5: Processing raw data to form pairs of sentences. Each sentence contains an id and
content; both the sentence id and the sentence content are concatenated to form the sentence pair.
The number of pairs formed depends on the number of sentences in the array.

The queries were also processed, since we decided to experiment with two variations of the

query data instead of using only the title of the query. An example of a query is represented in

Listing 4.3:

• Title only;

• Title, description and narrative concatenated.

After having this processed data, we examined our experiments for the last 2021 task and

decided to follow the Pyserini sparse search. Even though the Pyserini hybrid search achieved

marginally higher scores, the computational costs were considerably higher compared to Pyserini

sparse. Since we had numerous data to index and search, the optimal method to follow was the

Pyserini sparse.

As shown in Figure 5.6 the dataset provided for the Touché Task 1 is pre-processed, where the

noise data is filtered out, and all the sentence pairs from the same argument are formed. The query

file is also processed, resulting in two variants: a query with the title and a query with title, descrip-

tion, and narrative. With these pairs of sentences and queries, as described in Subsection 5.1.1 the
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Pyserini

Text

 Corpus/dataset

Input

Filter noise data and
form pairs of sentences

Pre-processing

Refined
dataset

Data processing

Perform search
with queries 

Indexation

Output

Results

Figure 5.6: Approach to the Touché Task 1 2022. We start by filtering the irrelevant data and
forming the possible pairs of sentences from the same argument, and generate the queries to be
used, with title only and with title, description and narrative 4.3. With these pairs, and topics
created, we use Pyserini sparse to index and search the top N results for the given queries.

Pyserini search starts by indexing the input data, upon which it searches for the top N documents

for a given query.

To conduct the experiments, similar to the approach for the 2021 edition, we used different

data layouts:

• Sentence-pairs (SP);

• Sentence-pairs concatenated with topic (SPT);

• Query title only (QT);

• Query title with description and narrative concatenated (QTDN).

5.3 Summary

Summarizing, we used a variety of approaches to solving the 2021 and 2022 editions of Touché

Task 1. Overall the methods range from Pyserini sparse, dense, and hybrid search. Pyserini

sparse search was complemented with an argument quality model and a cross encoder. All the

approaches use different structures of data, and for the 2022 edition, the queries were also used

with two additional designs. Table 5.2 summarizes all the approaches used for the 2021 and 2022

editions of Touché Task 1. These approaches have been tested and the results are described in

Chapter 6.
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Table 5.2: Overview of the approaches. (v1) represents the pyserini_run_v1, (v2) py-
serinir_run_v2, (v3) pyserini_run_v3, and (v4) pyserini_run_v4

Touché Task Approach Encoder Data Query
1 edition Structure Structure

2021 PS - PremConc QT
2021 PS - PremConcTopic QT
2021 PS5 - PremConcDT5 QT
2021 PSArgQ - PremConc QT
2021 PSArgQ - PremConcTopic QT
2021 PSArgQD - PremConc QT
2021 PSArgQD - PremConcTopic QT
2021 PSCE - PremConc QT
2021 PSCE - PremConcTopic QT
2021 PSCED - PremConc QT
2021 PSCED - PremConcTopic QT
2021 PD TCT-C PremConc QT
2021 PD TCT-C PremConcTopic QT
2021 PD ST-AD PremConc QT
2021 PD ST-AD PremConcTopic QT
2021 PH TCT-C PremConc QT
2021 PH TCT-C PremConcTopic QT
2021 PH ST-AD PremConc QT
2021 PH ST-AD PremConcTopic QT
2021 PH5 ST-AM PremConcDT5 QT
2021 PH ST-DB PremConc QT
2021 PH ST-DB PremConcTopic QT
2021 PH ST-PA PremConc QT
2021 PH ST-PA PremConcTopic QT

2022 (v1) PS - SP QTDN
2022 (v2) PS - SP QT
2022 (v3) PS - SPT QTDN
2022 (v4) PS - SPT QT



Chapter 6

Experimental Evaluation

This chapter starts by reporting the experiments performed on the developed argument quality

model using different base models. Furthermore, all the experiments performed on the 2021 and

2022 editions of the Touché Task 1 are reported. For the 2021 edition, several approaches were

tested, such as Pyserini sparse, Pyserini sparse with argument quality model for re-ranking, Py-

serini sparse with cross encoder for re-ranking, Pyserini dense, and Pyserini hybrid. The 2022

edition experiments only used Pyserini sparse search with different data layouts.

6.1 Argument quality model

We trained the argument quality model four times with a different pre-trained model (ALBERT [58],

DistilBERT [96], BERT [23], RoBERTa [66]). All the models were trained on the complementary

data described in Chapter 4 with an AdamW optimizer with the epsilon default value (1e-8), to

improve numerical stability, and 100 epochs. The learning rate was 5e-5, the train batch size was

16. To evaluate these models, we tested the quality and relevance results produced for the Touché

Task 1, re-ranking the draw scores from the Pyserini sparse search.

Table 6.1: Mean squared error of different models for argument quality.

Base model Mean Squared Error
bert-base-uncased 1 0.0407
albert-base-v2 2 0.0357
distilbert-base-uncased 3 0.0429
roberta-base 4 0.0362

In Table 6.1 we report the mean squared error results for all four fine-tuned models on the

complementary data. All the models achieve similar mean squared errors comprised between

3.6% and 4.3%. Thus, we decided to use the argument quality model trained with the distilbert-

base-uncased model, since it is lighter and faster, to perform the experiments for the Touché Task

1 2021, with different approaches (PSArgQ, PSArgQD) and different data layouts (PremConc,

PremConcTopic), reported in Section 6.2.
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6.2 Touché Task 1 2021

The first goal of this dissertation was to develop a competitive approach to participate in Touché

Task 1. Therefore, we decided to use the 2021 evaluation data to experiment with our techniques

and evaluate our performance on the task. This evaluation data was provided by the task organiz-

ers, and contained the top arguments, manually labeled by human assessors, both for their general

topical relevance and for the rhetorical quality. For both quality and relevance, the metric used

was the Normalized Discounted Cumulative Gain (NDCG).

First, we experimented with the Pyserini sparse search, see Table 6.2.

Table 6.2: Quality and relevance results of the Pyserini sparse search with different approaches.

Approach Data layout Quality Relevance
NDCG@5 NDCG@5

PS PremConc 0.8116 0.6742
PS PremConcTopic 0.7881 0.6838
PS5 PremConcDT5 0.7500 0.6479
PSArgQ PremConc 0.0126 0.0069
PSArgQ PremConcTopic 0.0128 0.0069
PSArgQD PremConc 0.8115 0.6742
PSArgQD PremConcTopic 0.7892 0.6834
PSCE PremConc 0.0333 0.0219
PSCE PremConcTopic 0.0334 0.0219
PSCED PremConc 0.8113 0.6738
PSCED PremConcTopic 0.7892 0.6821

We noticed that using premise and conclusion concatenated provided a better quality score

than premise conclusion and topic, but using the latter results in a better relevance score. This

occurs because introducing the topic sentence to the premise will negatively affect the semantic

quality of the sentence since these sentences might not perfectly fit together. On the other hand,

concatenating this topic adds information to the premise; this means that it provides more details

on the discussion topic the sentence is inserted in, resulting in a better relevance score. We also

conclude that using the argument quality or cross encoder to re-rank all the retrieved arguments

by Pyserini sparse affects our approach. Since the arguments from the args.me are extensive,

this model can not effectively perform the re-ranking since it was trained on small sentences,

thus producing low quality and relevance scores (0.0126, 0.0069). Using the argument quality

or cross encoder to re-rank the draw scores is also not adequate for the reasons mentioned above

but produces higher scores (0.8115 for quality and 0.6742 for relevance) than the re-rank for all

the retrieved arguments because there is a small number of arguments with tied scores. After

the Pyserini sparse search, we decided to test the dense search with two different encoders, see

Table 6.3.

The dense Pyserini search did not enhance the previous approach, resulting in low quality and

relevance scores. These poor results were expected since the Pyserini toolkit explicitly mentions

that support for the custom collections is less mature for dense retrieval. Another disadvantage
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Table 6.3: Quality and relevance results of the Pyserini dense search with different encoders.

Encoder Data layout Quality Relevance
NDCG@5 NDCG@5

castorini/tct_colbert-v2-hnp-msmarco PremConc 0.4907 0.4516
castorini/tct_colbert-v2-hnp-msmarco PremConcTopic 0.4907 0.4517
distilbert-base-nli-stsb-mean-tokens PremConc 0.1570 0.1175
distilbert-base-nli-stsb-mean-tokens PremConcTopic 0.1569 0.1177

while using Pyserini dense search is the index size, since the indexes produced by the dense search

are considerably larger than those generated with a sparse approach [62].

When it comes to the usage of ST-DB, this model provided even worst results than expected

because, as described in this model’s hugging face page5, it produces sentence embeddings of low

quality; therefore this model is deprecated.

Since the results of the dense search were not promising, we decided to test the Pyserini hybrid

approach, see Table 6.4.

Table 6.4: Quality and relevance results of the Pyserini hybrid search with different encoders.

Encoder Data layout Quality Relevance
NDCG@5 NDCG@5

TCT-T PremConc 0.6597 0.6182
TCT-T PremConcTopic 0.6337 0.6031
ST-AD PremConc 0.8116 0.6745
ST-AD PremConcTopic 0.7863 0.6863
ST-AM PremConcDT5 0.7500 0.6476
ST-DB PremConc 0.7711 0.6623
ST-DB PremConcTopic 0.7362 0.6476
ST-PA PremConc 0.7663 0.6404
ST-PA PremConcTopic 0.7438 0.6321

Compared to the other approaches’ results, we concluded that using Pyserini hybrid search,

with ST-AD encoder was the best option for the task.

A pre-trained distilroberta-base model was used to generate ST-AD, which was fine-tuned on a

1B sentence pairs dataset, this 1B dataset is the result of the concatenation from multiple datasets,

see Table A.1. The model was trained with a contrastive learning objective: given a sentence

from the pair, it should predict which of a set of randomly picked other sentences was paired

with it in 1B dataset used for fine-tuning. This model’s intended usage is to generate a vector

containing semantic information for a given input text, thereby performing information retrieval,

clustering, and sentence similarity tasks. As already mentioned, ST-DB produced low-quality

sentence embeddings. Therefore this model is labeled as deprecated. The ST-AM was designed

to work on single sentences and short paragraphs. During training, the hyperparameter "sequence

length" was set at 128 tokens. Because our data sequence length can immense large values, as

5 https://huggingface.co/sentence-transformers/distilbert-base-nli-stsb-mean-tokens

https://huggingface.co/sentence-transformers/distilbert-base-nli-stsb-mean-tokens
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shown in Section 4.1, this model is not the best choice for this purpose. When it comes to ST-PA

the maximum sequence length for this model is 256 and was trained on a smaller dataset compared

to ST-AD, which was trained on a dataset with 1 billion data, and its maximum sequence length is

512; therefore, ST-AD is more suitable for the task.

Last year, twenty-two teams participated in the task, to which we will be comparing our results.

Each team could submit five runs which means that each could have five different pairs of scores

(Quality - Relevance), but only the best for each metric would count. If there were draw scores,

the other pair value would be used to break the tie (e.g., When evaluating teams’ quality scores,

if two teams have the same quality performance, the team with the best relevance score would be

placed first than the one with the lowest relevance score.)

Table 6.5: Our team’s quality and relevance performance compared to the participating teams’
scores in the 2021 Touché Task 1.

Team name Quality
nDCG@5

Heimdall 0.841
Skeletor 0.827
Asterix 0.818
Elrond 0.817
Pippin Took 0.814
Our Approach 0.812
Goemon Ishikawa 0.812
Hua Mulan 0.811
Dread Pirate Roberts 0.810
Yeagerists 0.810
Robin Hood 0.809
Luke Skywalker 0.808
Macbeth 0.803
Athos 0.802
Jean Pierre Polnareff 0.802
Swordsman 0.796
Shanks 0.795
Blade 0.763
Little Foot 0.718
Batman 0.695
Deadpool 0.679
Gandalf 0.603
Palpatine 0.562

Team name Relevance
nDCG@5

Elrond 0.720
Pippin Took 0.705
Robin Hood 0.691
Our Approach 0.686
Asterix 0.681
Dread Pirate Roberts 0.678
Skeletor 0.667
Luke Skywalker 0.662
Shanks 0.658
Heimdall 0.648
Athos 0.637
Goemon Ishikawa 0.635
Jean Pierre Polnareff 0.633
Swordsman 0.626
Yeagerists 0.625
Hua Mulan 0.620
Macbeth 0.611
Blade 0.601
Deadpool 0.557
Batman 0.528
Little Foot 0.521
Gandalf 0.486
Palpatine 0.401

Upon analyzing Table 6.5, we concluded that if our team had participated in the task from the

2021 edition, we would have placed sixth in quality and fourth in relevance out of twenty-three

participating teams.
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6.3 Touché Task 1 2022

Given the good results of our approach on the 2021 evaluation data, our team decided to experi-

ment with four different data combinations with the same retrieval model: Pyserini sparse search.

The Pyserini hybrid search achieved similar results as Pyserini sparse search on the 2021 edi-

tion’s data, 0.8116 and 0.6863 for quality and relevance, respectively, and this approach demands

large amounts of computational costs. Therefore we chose to follow the most balanced approach,

i.e., the approach with the best cost/performance ratio, Pyserini sparse search.

Our team participated in the touché task and was limited to five submitted runs. We decided

to submit four different runs with Pyserini sparse search and four different combinations of data :

• pyserini_sparse_v1 (v1): pairs of sentences, and query with title, description and narrative

• pyserini_sparse_v2 (v2): pairs of sentences, and query with title only

• pyserini_sparse_v3 (v3): pairs of sentences with topic concatenated, and query with title,

description and narrative

• pyserini_sparse_v4 (v4): pairs of sentences with topic concatenated, and query with title

only

There would be clear advantages in
having elections while young people

are still in school as school could help
prepare them for the elections.


Sentence 1

Sentence 2

Schools would be able to teach their
students in advance what the ballot is
like, about the process of voting, and
most importantly about the European

Union and the function of the
European Parliament.


There would be clear advantages in having
elections while young people are still in school as

school could help prepare them for the
elections.Schools would be able to teach their

students in advance what the ballot is like, about
the process of voting, and most importantly about

the European Union and the function of the
European Parliament.

Sentence pair

 Allow voting at 16 in
European Parliament

elections

Topic There would be clear advantages in having
elections while young people are still in school as

school could help prepare them for the
elections.Schools would be able to teach their

students in advance what the ballot is like, about
the process of voting, and most importantly about

the European Union and the function of the
European Parliament. Allow voting at 16 in

European Parliament elections

Sentence pair with topic

pyserini_sparse_v1

pyserini_sparse_v2

pyserini_sparse_v3

pyserini_sparse_v4

Should the voting age be
lowered?

Query title

Should the voting age be lowered? Excluding certain
parts of society from voting appears undemocratic.

Children are entirely excluded across the globe. A user
wonders why this is case and whether the voting age
should be lowered. Highly relevant arguments take a
stance for or against lowering the voting age, citing

significant shortcomings or benefits. Relevant
arguments discuss, e.g., children's rights and only

mention voting as an example.

Query title, description 

and narrative

Figure 6.1: Representation of the four combinations of data used with an example.

Figure 6.1 provides an example of the four different combinations of data. Recently, the task

organizers made available the evaluation files, upon which we performed experiments to evaluate

our approach performance, see Table 6.6. The evaluation files contained the top pairs of sentences

ranked according to their general topical relevance, their argument quality and their coherence.

Even though we used the same argument retrieval models as the one used in experiments per-

formed with 2021 data, the results were significantly worse for this edition. The results were

affected by our data arrangement approach. It was possible to form pairs of sentences with sen-

tences from different arguments. However, we chose to create all the possible pairs of sentences
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Table 6.6: Quality, relevance and coherence results for our four runs submitted in Touché Task1
2022.

Run Quality Relevance Coherence
NDCG@5 NDCG@5 NDCG@5

pyserini_sparse_v1 0.772 0.641 0.378
pyserini_sparse_v2 0.701 0.580 0.353
pyserini_sparse_v3 0.760 0.651 0.354
pyserini_sparse_v4 0.709 0.586 0.357

within the same argument, which led to our model’s inability to retrieve some of the most relevant

pairs of sentences. Nevertheless, with our four submitted runs, we placed third in relevance, fourth

in coherence, and fifth in quality, as shown in Table 6.7, where our team tag is Bruce Banner. In

Appendix A.3, A.2, and A.4 all the runs submitted by the participating teams are reported.

Table 6.7: Touché Task 1 2022 Quality, Relevance and Coherence teams scores.

Team Relevance
NDCG@5

Porthos 0.742
Daario Naharis 0.683
Bruce Banner 0.651
D Artagnan 0.642
Gamora 0.616
Hit Girl 0.588
Pearl 0.481
Gorgon 0.408
General Grievous 0.403
Swordsman 0.356
Korg 0.252

Team Quality
NDCG@5

Daario Naharis 0.913
Porthos 0.873
Gamora 0.785
Hit Girl 0.776
Bruce Banner 0.772
Gorgon 0.742
D Artagnan 0.733
Pearl 0.678
Swordsman 0.608
General Grievous 0.517
Korg 0.453

Team Coherence
NDCG@5

Daario Naharis 0.458
Porthos 0.429
Pearl 0.398
Bruce Banner 0.378
D Artagnan 0.378
Hit Girl 0.377
Gamora 0.285
Gorgon 0.282
Swordsman 0.248
General Grievous 0.231
Korg 0.168

6.4 General Discussion

In this chapter, we experimented with the before-proposed approaches. We concluded that, even

though we experimented with the Pyserini sparse search and with the combination of this search

with a cross encoder and an argument quality model, the best result for the 2021 edition of Touché

Task 1 was obtained with the Pyserini hybrid search with ST-AD.

As for the 2022 edition of the Touché Task 1 the results submitted to the task were obtained

using Pyserini sparse search, with different combinations of data and queries.

Regarding Pyserini sparse search, we also concluded that using data composed of premise and

conclusion concatenated results in a better quality score but worse relevance score than premise,

conclusion, and topic concatenated. An overview of the performed experiments is shown in Ta-

ble 6.8.
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Table 6.8: Overview of the experiments.

Touché Task Approach Encoder Data Query Quality Relevance Coherence
1 edition Structure Structure NDCG@5 NDCG@5 NDCG@5

2021 PS - PremConc QT 0.8116 0.6742 -
2021 PS - PremConcTopic QT 0.7881 0.6838 -
2021 PS5 - PremConcDT5 QT 0.7500 0.6479 -
2021 PSArgQ - PremConc QT 0.0126 0.0069 -
2021 PSArgQ - PremConcTopic QT 0.0128 0.0069 -
2021 PSArgQD - PremConc QT 0.8115 0.6742 -
2021 PSArgQD - PremConcTopic QT 0.7892 0.6834 -
2021 PSCE - PremConc QT 0.0333 0.0219 -
2021 PSCE - PremConcTopic QT 0.0334 0.0219 -
2021 PSCED - PremConc QT 0.8113 0.6738 -
2021 PSCED - PremConcTopic QT 0.7892 0.6821 -
2021 PD TCT-C PremConc QT 0.4907 0.4516 -
2021 PD TCT-C PremConcTopic QT 0.4907 0.4517 -
2021 PD ST-AD PremConc QT 0.1570 0.1175 -
2021 PD ST-AD PremConcTopic QT 0.1569 0.1177 -
2021 PH TCT-C PremConc QT 0.6597 0.6182 -
2021 PH TCT-C PremConcTopic QT 0.6337 0.6031 -
2021 PH ST-AD PremConc QT 0.8116 0.6745 -
2021 PH ST-AD PremConcTopic QT 0.7863 0.6863 -
2021 PH5 ST-AM PremConcDT5 QT 0.7500 0.6476 -
2021 PH ST-DB PremConc QT 0.7711 0.6623 -
2021 PH ST-DB PremConcTopic QT 0.7362 0.6476 -
2021 PH ST-PA PremConc QT 0.7663 0.6404 -
2021 PH ST-PA PremConcTopic QT 0.7438 0.6321 -

2022 (v1) PS - SP QTDN 0.772 0.641 0.378
2022 (v2) PS - SP QT 0.701 0.580 0.353
2022 (v3) PS - SPT QTDN 0.760 0.651 0.354
2022 (v4) PS - SPT QT 0.709 0.586 0.357
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Conclusions

Individuals can access information in a fraction of a second. For this purpose, it is crucial to

guarantee that the information retrieved to the user is coherent, relevant, and accurate.

There are many tasks and challenges in this field, which have been motivating the development

of state-of-the-art approaches. Despite the increasing amount of attention being drawn to the topic

of IR, there is still room for many growth and improvements. Thus, in this work, the main goal

is to improve the quality of information retrieved for controversial topics, given the importance of

providing correct information.

Various approaches to document retrieval were proposed, tested, and compared in recent

works. Therefore, this project’s development strategy is based on current state-of-the-art published

approaches and combined various methods to achieve state-of-the-art performance and contribute

to the NLP community.

The best results for the 2021 edition of the Touché Task 1 resulted from the Pyserini hybrid

search, ranking fourth in relevance and sixth in quality. Nevertheless, when performing the exper-

iments for the 2022 edition, our team concluded that, since we had to index large amounts of data,

the most balanced approach regarding performance and computational costs is the Pyserini sparse

search.

We also conclude that our approach, which we thoroughly explained in the paper submitted

to the Touché Task 1 2022 [77], would benefit from a different data arrangement. This data

arrangement should contain sentence pairs formed with sentences from other arguments or from

the same argument instead of using an approach like ours, forming all possible pairs of sentences

within the same argument. This approach resulted in large amounts of data ceasing our plans to use

the Pyserini hybrid search. This approach also led to the impossibility of retrieving high-quality

and relevant sentence pairs from different arguments; therefore, our data retrieval performance is

limited. Nevertheless, in our best run, we achieved 0.772, 0.651, and 0.378 for Quality, Relevance,

and Coherence scores, respectively. With these results, we achieved third place in relevance, fourth

in coherence, and fifth in quality.

As future work, we think that there are several enhancements to be made, such as :
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• Develop a different data arrangement process that allows sentence pairs to be formed with

sentences from different arguments;

• Develop a considerably smaller sentence-pairs dataset to use Pyserini hybrid search, e. g.

use Pyserini sparse to search the top 1000 documents and then use Pyserini hybrid to re-rank

those retrieved documents;

• Improve the argument quality regression model;
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Appendix A

Appendix

A.1 Datasets used for the 1B dataset

Table A.1: Multiple datasets used to form the 1B dataset 1.

Dataset Number of training tuples Paper
Reddit comments(2015-2018) 2 726,484,430 [41]
S2ORC Citation pairs (Abstracts) 3 116,288,806 [67]
WikiAnswers 4 77,427,422 [25]
PAQ (Question, Answer) 5 pairs 64,371,441 [61]
S2ORC Citation pairs (Titles) 6 52,603,982 [67]
S2ORC (Title, Abstract) 7 41,769,185 [67]
Stack Exchange (Title, Body) pairs 8 25,316,456 -
MS MARCO triplets 9 9,144,553 [22]
GOOAQ: Open Question Answering with Diverse Answer Types 10 3,012,496 [52]
Yahoo Answers (Title, Answer) 11 1,198,260 [113]
Code Search 12 1,151,414 -
COCO Image captions 13 828,395 [64]
SPECTER citation triplets 14 684,100 [20]
Yahoo Answers (Question, Answer) 15 681,164 [113]
Yahoo Answers (Title, Question) 16 659,896 [113]
SearchQA 17 582,261 [24]
Eli5 18 325,475 [26]
Flickr 30k 19 317,695 [110]
Stack Exchange Duplicate questions (titles) 20 304,525 -
AllNLI (SNLI and MultiNLI) 21 22 277,230 [14] [106]
Stack Exchange Duplicate questions (bodies) 23 250,519 -
Stack Exchange Duplicate questions (titles+bodies) 24 250,460 -
Sentence Compression 25 180,000 [28]
Wikihow 26 128,542 [55]
Altlex 27 112,696 [42]
Quora Question Triplets 28 103,663 -
Simple Wikipedia 29 102,225 [21]
Natural Questions (NQ) 30 100,231 [57]
SQuAD2.0 31 87,599 [84]
TriviaQA 32 73,346 -
Total 1,124,818,467
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A.2 Touché Task 1 2022 all submitted runs relevance results

Figure A.1: Touché Task 1 2022 all submitted runs relevance results 33.
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A.3 Touché Task 1 2022 all submitted runs quality results

Figure A.2: Touché Task 1 2022 all submitted runs quality results 34.
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A.4 Touché Task 1 2022 all submitted runs coherence results

Figure A.3: Touché Task 1 2022 all submitted runs coherence results 35.
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Retrieval for Controversial Questions
Notebook for the Touché Lab on Argument Retrieval at CLEF 2022

Bernardo C. Moreira1, Henrique Lopes Cardoso1,2, Bruno Martins3,4 and
Fábio Goularte3
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Abstract
Argument retrieval is a prominent topic in the context of current natural language processing applications.
The task focuses on creating models that can retrieve coherent and strong arguments from textual sources.
This technology can help individuals build an informed opinion about a controversial topic or support
a particular stance on a debate. In this context, the Touché Task 1 was proposed within the scope
of Conference and Labs of the Evaluation Forum 2022 (CLEF 2022), based on argument retrieval for
controversial questions. We chose to compete with a sparse search. Despite ranking 3rd on relevance,
5th on quality and 4th on coherence, we concluded that our results are limited by our data arrangement
process. The purpose of the task was to retrieve the most argumentative and relevant pairs of sentences,
which could be formed with sentences from the same argument or not. Our approach focused on forming
sentence pairs from the same argument, and achieved scores of 0.772 for quality, 0.651 for relevance, and
0.378 for coherence.

Keywords
Argument retrieval, Controversial questions, Sparse representation

1. Introduction

Currently, Natural Language Processing (NLP) is prevelant in almost everything done on the
web. There are many research fields within the scope of NLP, such as Information Retrieval
(IR), a process of accessing and retrieving the most pertinent information given a user query.
More specifically, the focus of this work is on retrieving arguments for controversial topics.

Applications dealing with natural language use machine learning models for different pur-
poses, such as speech analysis and understanding, generation of human-readable text, and
information retrieval. The Touché lab1, proposed in the scope of the Conference and Labs of

CLEF’22: Conference and Labs of the Evaluation Forum, September 5–8, 2022, Bologna, Italy
$ up201604014@fe.up.pt (B. C. Moreira); hlc@fe.up.pt (H. Lopes Cardoso); bruno.g.martins@tecnico.ulisboa.pt
(B. Martins); fabio.goularte@inesc-id.pt (F. Goularte)
� 0000-0002-3307-0078 (B. C. Moreira); 0000-0003-1252-7515 (H. Lopes Cardoso); 0000-0002-3856-2936 (B. Martins);
0000-0003-4378-8734 (F. Goularte)
© 2022 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).

CEUR Workshop Proceedings (CEUR-WS.org)
1https://webis.de/events/touche-22/
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the Evaluation Forum (CLEF), focuses on the task of retrieving arguments. The goal of the
Touché lab is to motivate the NLP community to develop or improve upon existing technologies
for argument mining and argument analysis. This year, this lab organized three shared tasks:
Task 1 focused on argument retrieval for controversial questions; Task 2 on argument retrieval
for comparative questions; and Task 3 focused on image retrieval for arguments.

Our team focused on the first task, where the goal is to retrieve and rank relevant sentence
pairs from a collection of arguments, given a query about a controversial topic. Touché Task 1
at CLEF 2022 [1] is similar to the Touché Task 1 at CLEF 2021 [2], where given a query systems
should retrieve relevant arguments. In contrast, in the 2022 edition, the participating teams
have to retrieve a pair of sentences gathered from the arguments collection. This significant
alteration increases the complexity of the task since the pair of sentences must be coherent,
each sentence in the pair must be argumentative, and together the sentences should provide a
summary of the argument from which they are retrieved. For example, if a user searches for
“Libertarianism”, an example of an output would be the pair of sentences “For example, Jim
Babka, from Libertarian organization Downsize DC said they have had some very successful
alliances with groups who would never describe themselves as conservative” and “Libertarians
cooperate with many non right wing organizations”.

The results obtained on preliminary experiments with data from the 2021 edition were
encouraging; therefore, we decided to follow the same approach to the 2022 edition, which
relies on Pyserini sparse search with BM25, further detailed in Section 3.

We have submitted four different runs for this shared task and leveraged the available
evaluation files for the 2022 Task 1 to evaluate our approach. We achieved in our best run 0.772,
0.651, and 0.378 for Quality, Relevance, and Coherence scores, respectively. Human assessors
manually define these metrics and evaluate the output’s quality, relevance, and coherence, given
a specific query. With these results we achieved third place in relevance, fourth in coherence
and fifth in quality.

2. Background

Argument retrieval is a topic of growing interest. There have been some tested approaches
in previous editions of this Touché task 1. As described in Bondarenko et al. [2], the usual
approaches are based on DirichletLM [3] [4] and BM25 [5] models combined with WordNet [6]
for query expansion.

BM25 is possibly one of the most used and essential functions in information retrieval and is
used to estimate the relevance of documents to an input query. It is a non-linear combination
of three document attributes: document frequency, document length, and term frequency.

Elrond, the team with the highest relevance score, utilized a DirichletLM-based retrieval
model, using also the Krovetz stemming method [7], and excluded stop words. In the case of
Heimdall [8], which was the team with the highest quality score, they utilized a DirichletLM
but integrated with a topical relevance analysis using Universal Sentence Encoder and k-means
clustering, and finally, a support vector regression model for argument quality trained on the
Webis-ArgQuality-20 corpus2.

2https://zenodo.org/record/3780049
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Touché Task 1 2022 submissions were evaluated manually, by humam assessors, based on
each submitted run’s sentence pairs relevance and quality scores. This entails analyzing if each
sentence is argumentative, if both sentences in the pair are coherent and whether this pair of
sentences form a summary of the respective arguments.

3. Approach

We make use of Pyserini [9], a python toolkit for information retrieval search. Our approach
focuses on Pyserini’s sparse retrieval – via integration with Anserini IR toolkit built on the
Lucene search library [10], both for indexing the data and performing the search, since it
performs retrieval with BM25 ranking using bag-of-words representations.

We used last year’s evaluation files since we didn’t have this year’s data to calculate our
approach’s quality and relevance scores. To assess our runs on these evaluation files, we used
the trec_eval3 tool which is the standard tool used by the TREC4 community for evaluating a
run, given the topics and the evaluation files. Figure 1 shows our approach composed by five
steps: (1) Input, (2) Pre-processing, (3) Data, (4) Data processing, and (5) Output.

Pyserini

Text

 Corpus/dataset

Input

Filter noise data and
form pairs of
sentences

Pre-processing

Refined
dataset

Data

Data processing

Perform search
with queries 

Indexation

Output

Results

Figure 1: Our approach to the Touché Task 1 problem.

Our team submitted four different runs. All these runs were generated using Pyserini sparse
representations, given the good results in the experiments performed on last year’s data. All
four runs submitted were generated using two variations of data and two variations of queries,
as described in Section 3.3.

Since there was no available method to test the approaches before submitting, we needed
to test the planned strategies with the available data from last year’s task. With this in mind,
we performed a series of experiments using the quality and relevance data available which
provided an overview of our approaches.

The data was organized in two forms to evaluate the best arrangement of data for this task.
The argument layouts tested were: (PC) Conclusions and Premises concatenated and (PCT)

3https://github.com/usnistgov/trec_eval
4https://trec.nist.gov/
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Conclusions, Premises, and Topic concatenated.
In Table 1, our team results for each argument layout are compared with the top 3 results

from last year’s edition, both for quality and relevance. We noticed that using premise and
conclusion concatenated provided a better quality score than premise conclusion and topic, but
using the latter results in a slightly better relevance score. This occurs because introducing the
topic sentence to the premise will negatively affect the semantic quality of the sentence since
these sentences might not be perfectly aligned. On the other hand, concatenating this topic
adds information to the premise; this means that it provides more details on the discussion topic
the sentence is inserted in, resulting in a better relevance score.

Table 1
Quality and relevance NDCG@5 scores for our approaches, and to the top 2 teams from last year’s
competition.

Approach Quality Relevance

PC 0.8116 0.6742
PCT 0.7881 0.6838

Team Name Quality

Heimdall 0.841
Skeletor 0.827

Team Name Relevance

Elrond 0.720
Pippin Took 0.705

3.1. Input

The data provided for this year’s task is separated into two different files. The first one is the
data to be used for retrieval, and the other one contains the queries.

Each element in the data file is an argument containing five fields: (1) id, (2) conclusion, (3)
premises, (4) context, and (5) sentences.

The sentences field is used for this task – the aim is to retrieve a pair of sentences formed with
sentences from the same or different argument. The sentences field aggregates the conclusion of
the argument and each sentence in its premises, each identified by a unique id.

The queries file contains the topic id, the title which is the question itself, the description, and
the narrative. The description provides an explanation and a context for the given question,
while the narrative describes the desired outcome.

3.2. Pre-Processing

Our team chose to follow the above mentioned and tested approach to the 2021 Task 1, which
relies on pyserini sparse to index and perform the search of relevant documents for a given query.
As it was already mentioned, this approach consists of five steps: (1) Input, (2) Pre-processing,
(3) Data, (4) Data processing, and (5) Output, as show in Figure 1. The data processing phase
consists in generating the data in a format amenable for an information retrieval setup. This
task requires that a query’s output be formed as a pair of sentences. The “sentences” field in
the argument contains all the sentences and respective id; therefore, we processed this field to
develop all possible pairs of sentences from the same argument.

For example, the argument with id Sf9294c83-A9a4e056e contains three sentences: two
premises and one conclusion. After being processed, these sentences generated three different
pairs of sentences (see Figure 2).
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Raw Data

Data 

Processing

Sentence Pair

Sf9294c83-A9a4e056e__PREMISE__1


Sf9294c83-A9a4e056e__PREMISE__2


It's important to be clear that this debate is
looking at the results of the Iraq war and, by any

definition Iraq is in a much more stable and
secure position than it was in 2003 when

American, British and other international troops
arrived in the country.

Whatever one thinks of the initial justifications
for the war there is no doubt that the country, the
region and the world are better and safer places

without Saddam Hussein[i].

Sf9294c83-A9a4e056e__CONC__1


Saddam Hussein is gone and Iraq is now
functioning as one of very few democracies in

the Middle East




Sf9294c83-A9a4e056e__PREMISE__1,

Sf9294c83-A9a4e056e__PREMISE__2


It's important to be clear that this debate is looking at the
results of the Iraq war and, by any definition Iraq is in a

much more stable and secure position than it was in 2003
when American, British and other international troops

arrived in the country. Whatever one thinks of the initial
justifications for the war there is no doubt that the country,
the region and the world are better and safer places without

Saddam Hussein[i].




Sf9294c83-A9a4e056e__PREMISE__1,
Sf9294c83-A9a4e056e__CONC__1


It's important to be clear that this debate is looking at the
results of the Iraq war and, by any definition Iraq is in a

much more stable and secure position than it was in 2003
when American, British and other international troops

arrived in the country. Saddam Hussein is gone and Iraq is
now functioning as one of very few democracies in the

Middle East




Sf9294c83-A9a4e056e__PREMISE__2,
Sf9294c83-A9a4e056e__CONC__1


Whatever one thinks of the initial justifications for the war
there is no doubt that the country, the region and the world

are better and safer places without Saddam
Hussein[i]. Saddam Hussein is gone and Iraq is now

functioning as one of very few democracies in the Middle
East

Figure 2: Processing raw data to form pairs of sentences. Each sentence contains an id and content;
both the sentence id and the sentence content are concatenated to form the sentence pair. The number
of pairs formed depends on the number of sentences in the array.

3.3. Data

The query data (see Listing 1) was used in two ways. The first and more straightforward
consists of using only the query. The second, an expanded query version, includes the query
concatenated with the narrative and the description.

1 <topic>
2 <number>1</number>
3 <title>Should teachers get tenure?</title>
4 <description> A user has heard that some countries do give teachers tenure and others don’t. Interested in the

reasoning for or against tenure, the user searches for positive and negative arguments. The situation of
school teachers vs. university professors is of interest. </description>

5 <narrative> Highly relevant arguments make a clear statement about tenure for teachers in schools or
universities. Relevant arguments consider tenure more generally, not specifically for teachers, or, instead
of talking about tenure, consider the situation of teachers’ financial independence. </narrative>

6 </topic>

Listing 1: Example of a topic in the query data.
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The new generated data, which will be indexed by Pyserini, is composed of documents
containing each an id and a sentence pair.

Argument sentences were paired following two different arrangements, as shown in Figure 3.

The state often takes
years to recognise the
needs of students and

they lose years of
education in the process.

Sentence 1 Sentence 2

Home schooling

Topic

The state often takes years to recognise
the needs of students and they lose years
of education in the process. In addition,

even if those needs are identified 'special
schools' are underfunded and stigmatised.

Approach 1

The state often takes years to recognise
the needs of students and they lose years
of education in the process. In addition,

even if those needs are identified 'special
schools' are underfunded and stigmatised.

Home schooling

Approach 2
In addition, even if those

needs are identified
'special schools' are

underfunded and
stigmatised.

Figure 3: Representation of the two different arrangements of sentences used.

The first approach consists in using both sentences concatenated, while the second approach
concatenates both the sentences and the topic.

As shown in Figure 4, with these different approaches for both queries and sentence pairs,
we submitted four different runs:

• pyserini_sparse_v1: pairs of sentences, and query with title, description and narrative
• pyserini_sparse_v2: pairs of sentences, and query with title only
• pyserini_sparse_v3: pairs of sentences with topic concatenated, and query with title,

description and narrative
• pyserini_sparse_v4: pairs of sentences with topic concatenated, and query with title only

There would be clear advantages in
having elections while young people

are still in school as school could help
prepare them for the elections.


Sentence 1

Sentence 2

Schools would be able to teach their
students in advance what the ballot is
like, about the process of voting, and
most importantly about the European

Union and the function of the
European Parliament.


There would be clear advantages in having
elections while young people are still in school as

school could help prepare them for the
elections.Schools would be able to teach their

students in advance what the ballot is like, about
the process of voting, and most importantly about

the European Union and the function of the
European Parliament.

Sentence pair

 Allow voting at 16 in
European Parliament

elections

Topic There would be clear advantages in having
elections while young people are still in school as

school could help prepare them for the
elections.Schools would be able to teach their

students in advance what the ballot is like, about
the process of voting, and most importantly about

the European Union and the function of the
European Parliament. Allow voting at 16 in

European Parliament elections

Sentence pair with topic

pyserini_sparse_v1

pyserini_sparse_v2

pyserini_sparse_v3

pyserini_sparse_v4

Should the voting age be
lowered?

Query title

Should the voting age be lowered? Excluding certain
parts of society from voting appears undemocratic.

Children are entirely excluded across the globe. A user
wonders why this is case and whether the voting age
should be lowered. Highly relevant arguments take a
stance for or against lowering the voting age, citing

significant shortcomings or benefits. Relevant
arguments discuss, e.g., children's rights and only

mention voting as an example.

Query title, description 

and narrative

Figure 4: Representation of the four combinations of data used with an example.

A.5 Submitted paper describing our team approach for the Touché Task 1 2022 75



3.4. Data Processing

The Pyserini toolkit, which is responsible for indexing the new data and performing the search
with the given queries, allows a variety of approaches. Given our time and resource limitations,
the best approach to this task is to use sparse representations. Pyserini sparse representations
produces smaller indexes than dense search. Pyserini also includes a hybrid approach that
makes use of both sparse and dense indexes; however, given our approach that generates a high
number of sentence pairs, we did not generate dense representations for our sentence pairs,
and thus do not make use of the hybrid approach.

The Pyserini toolkit receives the data as an input, which it indexes and uses to search for
documents given a query. Both the index and search processes use the Lucene library; for the
search process, we specified how many hits for each question we need (1000) and which scoring
function to use, which in our case is BM25 with default values from Pyserini.

3.5. Output

The post-processing step consists of cleaning Pyserini’s output to match the structure requested
for Touché Task 1, which is the standard TREC format:

qid stance pair rank score tag

Even though the format of the document, created in the previous step, is the correct one, our
data is not ready to submit. In this step, to provide all the required data for the submission, we
iterate through the results file to replace the default values for stance (Q0) and tag (Anserini)
produced by Pyserini. These values are replaced with the correct stance of the pair of sentences
and our team tag Bruce-Banner, respectively, resulting in a new and valid results file.

4. Experimental Evaluation

After the release of Touché Task 1 2022 evaluation files we performed experiments to evaluate
the performance of our runs (see Table 2). The evaluation files contained the top pairs of
sentences, for each query, ranked according to their general topical relevance, their argument
quality and their coherence. Eleven teams participated in this Task, and according to these
metrics, our team Bruce-Banner was placed in third in relevance, fourth in coherence and fifth
in quality, as shown in Table 3.

Table 2
Quality, relevance and coherence results for our four runs submitted in Touché Task1 2022.

Run Quality Relevance Coherence
NDCG@5 NDCG@5 NDCG@5

pyserini_sparse_v1 0.772 0.641 0.378
pyserini_sparse_v2 0.701 0.580 0.353
pyserini_sparse_v3 0.760 0.651 0.354
pyserini_sparse_v4 0.709 0.586 0.357
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Table 3
Touché Task 1 2022 Quality, Relevance and Coherence teams scores.

Team Relevance
NDCG@5

Porthos 0.742
Daario Naharis 0.683
Bruce Banner 0.651
D Artagnan 0.642
Gamora 0.616
Hit Girl 0.588
Pearl 0.481
Gorgon 0.408
General Grievous 0.403
Swordsman 0.356
Korg 0.252

Team Quality
NDCG@5

Daario Naharis 0.913
Porthos 0.873
Gamora 0.785
Hit Girl 0.776
Bruce Banner 0.772
Gorgon 0.742
D Artagnan 0.733
Pearl 0.678
Swordsman 0.608
General Grievous 0.517
Korg 0.453

Team Coherence
NDCG@5

Daario Naharis 0.458
Porthos 0.429
Pearl 0.398
Bruce Banner 0.378
D Artagnan 0.378
Hit Girl 0.377
Gamora 0.285
Gorgon 0.282
Swordsman 0.248
General Grievous 0.231
Korg 0.168

Even though our team placed third in relevance, fourth in coherence, and fifth in quality,
we believe that our approach would benefit from a different data arrangement process. In
our approach, we chose to form all possible pairs of sentences within the same argument,
but sentences from different arguments were also accepted for the task. However, in the
quality evaluation file provided by the task, sentence pairs formed with sentences from different
arguments vary between 35.6% and 46.9% across topics. Still, while our approach does provide
sentence pairs that have been well-ranked, there is a limitation on the provenance of pairs we
were able to form, which directly determines the retrieved entries.

5. Conclusions

Our team decided to participate in this Task with a sparse search approach. Our data processing
stage influenced our approach. For this Task, it was allowed and even desired to form pairs with
sentences from different arguments, but we decided to form all the possible pairs of sentences
from the same arguments. Thus, various pairs of sentences were not indexed, resulting in a
poorer collection of documents to retrieve.

As future work it would be interesting to:

• Form data with pairs of sentences, including pairs from different arguments. Sentence
selection needs to be done carefully; otherwise, if all the possible pairs of sentences are
formed, the resulting collection will be enormous, which may lead to the impossibility of
using pyserini search or bring enormous computational costs;

• Follow a different approach resulting in lesser data so that pyserini hybrid retrieval can
be used, i.e., using pyserini sparse to retrieve the top 2000 pairs of sentences and then
using pyserini hybrid to re-rank those retrieved pairs;

• Re-rank the arguments returned with a similar score using a fine-tuned BERT model to
assess argument quality [11].

It would also be interesting to analyze the other teams’ approaches, such as Porthos and
Daario Naharis, which achieved scores better than ours.
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