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Abstract

With the availability of large data collections, first stage retrieval has shifted
towards the usage of neural methods, mostly based on the Transformer architecture,
often referred to as dense retrievers. This review starts by exploring classical
retrieval models and their limitations, followed by an analysis on state-of-the-
art dense retrievers, also addressing underlying machine learning architectures
and techniques. Benchmarks and evaluation metrics are presented, and possible
research directions discussed.

1 Introduction

Information retrieval plays a critical role in a wide range of applications, ranging from search engines
to question answering systems. The ability to efficiently and accurately retrieve relevant information
from large data collections is essential in enabling users to access and make sense of the vast amount
of available information. Traditional sparse retrieval algorithms, such as the well-known BM25
algorithm, were the backbone of retrieval systems for many years. However, these approaches often
face challenges in capturing semantic relationships and effectively handling complex queries.

The emergence of large-scale data collections and advancements in machine learning have prompted
a paradigm shift in first stage retrieval. Neural methods, particularly those based on the Transformer
architecture, have gained significant attention and achieve state-of-the-art results in many recent
benchmarks. These models, often also referred to as dense retrievers, leverage deep learning to
capture intricate semantic relationships and enhance the retrieval capabilities of traditional sparse
retrievers.

This paper starts by presenting a background on classical information retrieval models, using their
drawbacks to motivate the need for alternative retrieval techniques. Then, the base machine learning
architectures and techniques necessary for the training and usage of dense retrievers are addressed.
Moving into the field of dense retrieval, the Transformer architecture is introduced, and a study on
state-of-the art dense retrievers is conducted. To conclude the study, methods that combine neural
approaches and sparse retrievers are addressed, in an attempt of using methods that combine the best
of both techniques. Furthermore, benchmark datasets and evaluation metrics that are commonly used
to assess the performance of retrieval models are presented. Finally, potential research directions are
highlighted in order to promote future work.

2 Information Retrieval Background

Information Retrieval’s (IR) core task is ad-hoc retrieval, where an information need is posed by an
user to a system, which should return relevant documents that satisfy the user’s needs. Before diving
into the topic dense retrieval, a description of the three families of early IR models, namely Boolean
models, Vector Space models, and Probabilistic models, is presented. In depth information of these
methods can be consulted in the following books: [15, [125]].

2.1 Boolean Models

Boolean models [93]94] operate on the principles of boolean logic and set theory. Both documents and
queries are represented as a bag-of-words, i.e., a set of unordered and (assumed to be) independent



terms. When using one such model, information needs are formulated using boolean operators such
as AND, OR, and NOT to establish relationships between query terms. Documents are then classified
as relevant or irrelevant by assessing whether or not they satisfy the logical query constraint. One
significant characteristic of Boolean Models is that since it focuses solely on determining the presence
or absence of query terms within documents, the model does not provide a measure of relevance or
prioritize the results based on their significance to the query.

Extended Boolean Models [164} 99] were proposed as a method to surpass the inability to rank
documents, being an intermediate between Boolean models and the Vector Space models described
in the next subsection.

2.2 Vector Space Models

Vector Space models [[163] rely on the assumption that textual similarity can be approximated through
spatial proximity, i.e., if there is a vector space where documents are represented, the most relevant
documents to a query should be those closer to the query’s representation.

In this approach, for a collection of documents D = {d;, da, ...}, the vocabulary V is defined as the
set of unique tokens among all documents. Each document in the collection is represented as a vector,
di = (t1,ta,...,t}y|), where for each d;, t, = 0if t,, & d; ort, = 1ift, € d,.

Instead of having binary values, term weighting can be considered [162|[161]]. This way, documents
are represented by d; = (1,12, ..., t)y|), but t, = w, ;. One way of computing the weights is by
using TF-IDF [119,83]:

wy,; = tf(v,7) x idf(v) , (D

where tf(v,4) is the term frequency of ¢, on document d;, and idf(v) is the inverse document
frequency of term ¢,,, given by:

|D|
{di € DIt, € dir}|

idf(v) = log 2)

The motivation for this metric is that terms that appear very often in a document are important
(except for stop-words), but terms that appear in the document and are simultaneously rare among the
collection of documents are, in principle, context-related, and should also be more important.

Instead of TF-IDF weights, term distribution models can be considered, where the objective is to
derive a probabilistically motivated weighting scheme for the vectorial representations [124]]. For
instance, a 2-Poisson distribution has been suggested as a method to model term frequencies [[15],
assuming that there are two classes of documents associated with a term: the class of relevant
documents (with high average occurrences), and the class of irrelevant documents (with low average
occurrences):
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In the previous equation, X is a random variable representing the number of occurrences of a term, A
is the probability of a document being in the relevant class, and 11 and 5 are the average number of
occurrences of a word in the relevant and irrelevant classes, respectively. Empirically, the occurrence
distribution for most terms has been shown to be monotonically decreasing. This property is not
always captured by a 2-Poisson distribution, with proposed extensions relying on the mixture of more
Poisson distributions [[130 25]].

To compute the similarity between two |V|-dimensional representations, 71 and 79, the cosine
similarity can be used:
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As such, instead of classifying a document as relevant or irrelevant, vector space models are able to
rank a list of documents according to their relevance or similarity to the query.

It is important to note that the approaches discussed in this section result in sparse representations,
given the high number of terms in the vocabulary, which can be a computational bottleneck. Also, all
terms are considered to be independent, since a bag-of-words representation is still being followed.
This means that the cosine similarity between two different word representations is always 0, even if
they are related.

2.3 Probabilistic Models

Probabilistic Models for IR rely on the probabilistic ranking principle [156], which states that
documents should be ranked by probability of relevance towards a query. Multiple techniques for the
estimation of this probability, denoted by P(R|d), have been proposed. Most works have a common
basis, the Binary Independence Model (BIM) [207, [157]], which considers multiple assumptions (i)
probability depends only on query and document, (ii) there is a subset R of relevant documents,
(iii) index terms are independent, and (iv) non-query terms are equally likely to appear in relevant
and irrelevant documents. Moreover, both queries and documents are represented as binary term
incidence vectors, and terms not appearing in the query do not affect ranking. The objective is to

rank documents by the (log) odds of relevance, log ig:g , as it as been shown to minimize wrong

judgments [S1]]:
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After applying Bayes rule, the prior P(R) (i.e., the probability of a randomly sampled document
from the collection being relevant) is assumed to be independent of the document and, as such,
constant across documents. Probabilistic IR models differ in the estimation of P(d|R). In the simplest
approach, term independence is considered, which allows representing the probability as a product of
individual term probabilities (the following derivation is adapted from [169]):

PdR) = [] Pt:lR) [] 1 -PE;R). (6)
ti€q,d tj€q,d

In the previous equation, t; are the terms that common to the query and the document, and ¢; are

query terms absent from the document. Denoting p; = P(t;|R) and u; = P(t;|R) the (log) odd
relevance expression can be rewritten:

Ht €q,d Pi Ht i€4q, (1 —pj)
P(d|ﬁ) Ht cq,d Wi Ht j€q, d( Uj) .
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For a given query, the above expression can be rewritten with respect to only the terms present in a

document by adding the constant log Ht cq }:Z? :

Ht Eqdlet €q,d ( pL 1_U7 1—Uz)
or 11 2555 = X ®

Ht quuZHtJEqd( - uj) ticq,d pi) ti€q uil=pi) -

log

Multiple ranking functions can be produced by using different estimations for p; and u;. For instance,
probabilistic justification to the previously heuristically motivated inverse document frequency metric
can be provided with two assumptions [36], (i) by considering p; = % for all query terms, which

yields log 12 ;1 = 0, and (ii) assuming that the vast majority of documents in a collection are
irrelevant to a query, estimating w,; as W. This gives the following ranking function:
i(1— D|— |{di € D|t; € dyr D
g 20— ) _ 1 1D —|{de € Dlts € di}] D .

= lo =~ 10 5
w(l—p) 8 [{dy € DIt € dp'}| ®{dp € D|t: € dp'}|



which is similar to the idf function presented in Equation 2] Other authors [61]] have raised problems

with the previous constant estimate of p;, stating that, empirically, p; grows with the term frequency

of term ¢ in the document, proposing the usage of p; = % % tfl%‘d) .

One important ranking function derived from probabilistic IR principles is the BM25 [155]], which
is to this day perhaps the most commonly used lexical retrieval baseline. While the BIM postulates
binomial distributions for terms, BM25 relies on 2-Poisson mixtures. Given a document d and a
query g with n tokens, (g1, ..., ¢, ), the relevance score is computed as follows:

n

scorepmas (g, d) = Zidf(i) % tf(i,d) x (k1 + 1)

i=1 tf(lv d) + kl X (1 —b+bx a\llildl)

(10)

where b and k; are tunable hyperparameters, and avgld is the average length of documents in the
collection.

Since textual data may be composed of several fields (e.g., documents from news collections may be
divided in headline and body), BM25F [210]] was proposed as an extension. The authors argue that
given the different length of the fields, computing the BM25 scores for each field and combining them
linearly raises problems, like not keeping the non-linear relationship between term weights and term
frequencies, difficulties in performing the field length normalization, and unstable idf computation.
To address these issues, the authors proposed an approach that weights term frequencies accordingly
to their field importance. Given the decomposition of a document in a set of fields, F', the scoring
method is given by:

tHi.d) = > w x o7, d) X (ks 1) —, (11)
o G+ (1o b))

avgdl®

where w? is the weight associated with field z. The remaining terms with superscript z maintain their
previous definition, now over the field z instead of the full document. The field-level term frequencies
are then used to compute the ranking score:

n

scorepmasr (g, d) = Y idf(i) x tf(i, d) . (12)

i=1

BM25+ [120] is another extension, addressing the fact that the term-frequency normalization by
document length is not lower-bounded properly, which may over-penalize large documents. The
alternative scoring method is given by:

n

f(i 1
scorepnas (¢, d) = Zidf(i) % tf(i,d) x (k1 + 1)

i=1 tf(7’7d) + kl X (1 —b+bx a\LZ;Lil)

+5| . a3

The only difference when compared to the original BM25 is the addition of an hyperparameter §.

2.4 Semantic Similarity

The ability to capture the underlying semantics or contextual meaning of the concepts is one of the
main motivations for the usage of dense retrievers, as the methods discussed so far are all built on
top of the concept of lexical similarity, i.e., frequency of terms and weighted degrees of overlap
between query and document terms. One prominent problem in such a scenario is vocabulary
mismatch [52, 212f], caused by terms between queries and documents being lexically different
but semantically similar. One pioneering method to deal with this problem was Latent Semantic
Indexing [40]], which leverages single-value decomposition to find a low-rank approximation of
the matrix that describes the occurrences of terms in documents, resulting in lower-dimensional
representations for the documents and mitigating the problem of identifying synonymy.



In a different perspective, query expansion methods aim to augment queries with new terms [47,
145111891 16]. Sampling methods for selecting new terms vary (ontology-based [[10], relevance feed-
back [160]], random walk models [28]], among others [21]]), but the intuition is that by incorporating
synonyms and/or related terms, the expanded query can capture a wider range of documents and
increase the chances of retrieving the desired information. Similarly, instead of query expansion,
document expansion can be considered, which follows the same intuition of the former, but adds
new terms to the document instead [91} 113 [177]. This allows the expansion to be done offline (i.e.,
prior to indexing), which may result in faster run times for the end-user, but early tests with classical
retrieval models showed that query expansion has better performance [[11]].

3 Machine Learning for Information Retrieval

This section covers the background machine learning techniques used in IR tasks, specifically those
necessary for understanding the architectures behind dense retrievers. The Multi Layer Perceptron is
introduced, and commonly used loss functions behind the task of Learning to Rank are addressed.
Then, a brief overview of word embeddings is provided, as an application of feed forward networks to
generate dense representations. Finally, fundamental concepts behind state-of-the-art dense retrievers
are presented through an overview of the Transformer architecture and the BERT model.

3.1 Multi Layer Perceptron

The Perceptron [[158] is an algorithm for supervised learning of binary classifiers which aims to
mimic an artifical neuron. Given an n-dimensional input vector z € R", the output of the Perceptron,
vy, is computed as follows:

y=h(w'z+b), (14)

where w € R" is the learnable weight vector and b is the bias. Originally, the activation function h is
the signal function, which returns 1 if the input is positive or -1 otherwise. To train the Perceptron, w
can be initialized randomly and updated following the equation w = w + pu(§ — y)x, where § is the
true label for the input vector being processed and p is the learning rate. The main issue with this
model is that it can only classify linearly separable sets of vectors. However, that problem can be
solved by extending the Perceptron, connecting multiple layers of neurons with non-linear activation
functions, which is the idea behind a Multi Layer Perceptron, often also referred to as a feed-forward
neural network (FFNN). It comprises one input layer, at least one hidden layer, and one output layer.

Each layer [ contains one or more neurons, n!!. For a single hidden layer, let z[% € R"" be the
input vector. The output, y, is given by:

y = h? (W[Q]h[ll (W[l]x[ol + b[l]) + b[2]) , (15)
where hlil Wil € R"[l_” xnl ,and bl € ]R”M are the activation function, weight matrix and bias
vector of the i*" layer, respectively. Error functions (e.g., mean squared error or the cross-entropy)
are used to compare the expected value and the network output for a given input, and model training
consists in minimizing one such error (also named cost or loss) function. Gradient Descent is an
optimization technique that in order to minimize a given function, updates parameters by taking steps
in the direction of steepest descent in the gradient of the error function:

Oiy1 =0 —uVEy, . (16)

In the previous expression, ¢ denotes the time-step, E is the error function subject to minimization
with respect to parameters 6, and p is the learning rate.

Variations of gradient descent are applied alongside the back-propagation algorithm to train neural
networks such as Multi Layer Perceptrons. After a forward pass, this procedure computes the partial
derivatives of the cost function with respect to the different parameters, propagating this information
back through the network.



Beyond standard gradient descent, one popular first-order gradient-based optimizer is Adam [88]].
Together with adaptive learning rates for each parameter, this method stores an exponentially decaying
average of past squared gradients (i.e., an estimate of the second raw moment of the gradient), v,
and an exponentially decaying average of past gradients (i.e., an estimate of the first moment of the
gradient), m.. At each time-step ¢ the gradient g; = V Ey, is computed, updating the averages:

(1-p1) Zﬁzl B g

= 17
my 1 — B{ ) ( )
1-— topiTig2
o \/( ) Yy 72 s
— f3
and the parameter update rule is given by:
Hmy
Orp1 = 0¢ — 19
t+1 t vy + p 9 ( )

where 31 and f32 are hyperparameters to account for how much of the previous gradients should
be taken in consideration when updating m; and v,. Overall, this approach yields small steps for
parameters that are updated very frequently, with larger ones for the others. Extensions include
the AdamW [118]] optimizer, widely used in NLP tasks, which modifies the weight decay term’s
contribution to the update step, ensuring the weights are not directly affected. More recently, light-
weight estimators for the diagonal of the Hessian matrix have been proposed, allowing for the
usage of second-order optimizers which have shown promising results in pre-training of language
models [[108]].

3.2 Learning to Rank

Learning to Rank is a group of techniques that use machine learning algorithms to build ranking
models, e.g. for IR applications [112]. Given a set of n documents, D, and a query g, the goal is to
find out which d € D are relevant to the query, and sort them by their relevance.

Pointwise Learning to Rank formulates the problem as a regression or classification task. Let ¥(q, d;)
be the graded relevance of d; with respect to query ¢ and f the learnt function. The objective is to
minimize loss functions such as the Mean Squared Error:

n

1
Lmse = — > (f(g,di) = (a,d:))? , (20)

=1

Another approach, Pairwise Learning to Rank, takes pairs of documents as input, learning whether or
not one is more relevant than the other. For example, RankSVM [81]] is a ranking algorithm based on
Support Vector Machines, minimizing functions such as the Hinge Loss:

Lhinge = > max (0,1 (f(g,di) — f(g,d;))) - (21)
¥(a,di)>y(q,d;)

One last technique is Listwise Learning to Rank, where the objective is to directly optimize ranking
metrics such as the Mean Average Precision or the Normalized Discounted Commutative Gain. Those
and other metrics will be addressed further ahead in this document (Section [3.1)), but for instance,
once the ranking function f is learnt, let there be a list of documents ordered by it for a given query.
The Mean Average Precision (MAP) is computed as follows:

AP
MAP — M , (22)
Q)
" PQ@ixI;
AP(q) = Z—1|S|“< . 23)
q



In the previous equations, @ is the set of all queries, S; is the set of relevant documents for query
q and I[; evaluates to 1 The Bi-f the document at rank ¢ is relevant to ¢ and to 0 otherwise. PQj is
the precision at the it returned document, i.e., the fraction of the top-¢ retrieved documents that are
relevant. Functions such as the MAP are not differentiable, since they depend on the ranked position
of the documents, which is a piecewise linear function. As such, gradient-based optimizers cannot
be used directly. Multiple methods have been proposed to solve this, under the setting of listwise
ranking. For instance, RankGP [205]] aims to optimize the MAP resorting to genetic algorithms (a
meta-heuristic for local search) instead of gradient based optimizers, by using MAP as the fitness
function. Other strategies include the usage of fully-differentiable soft-ranking functions [[12] which
allows the usage of rank-based functions within the loss.

3.3 Word Embeddings

Arriving from the Natural Language Processing (NLP) community, word embeddings were an
important step on the representation of textual information [[170]. Word2Vec [127]] is an algorithm
for learning word embeddings that represent words as dense vectors in a continuous space, that has
shown good ability of capturing semantic and syntactic relationships between words.

There are two main variants of Word2Vec. Both are built using a simple feed-forward neural network
with one hidden layer. In the first, CBOW [127], the network is trained to predict a word given its
surrounding neighbors (i.e., the word’s context) as input. Formally, given the sequence ¢4, ts, ..., tx
and context size ¢, the objective of the CBOW approach is to maximize:

N
1
~ D 108(P(tnltn—cs s tn-1, tng1s s tnge)) - (24)

n=1

The second approach, named Skip-gram [[128]], uses the target word as input, with the training task
being to try to find the context of the word. Formally, the objective of the Skip-gram approach is to
maximize:

N
Y loaBltagit) (25)

n=1—c<=5<=¢,j#0

The probability of predicting the output term £o given t; can be calculated using the softmax function:

exp (1, 7e;)
P(tO‘tI) = Vi to'tr

T ) (26)
i=1€XP (Tti Tt;)

where 7 is the representation of ¢, and |V/| is the size of the vocabulary. Given that |V'| can be very
large, other methods have been used to compute this probability, such as hierarchical softmax or
negative sampling [127, [128]].

Multiple works have used word embeddings in the context of IR tasks [[159} 43| 53| 160, [129], by
considering the methods described above to generate representations for queries and documents, or
different approaches such as GloVe [142] or density-based representations [[187]. However, the major
limitation of word embeddings was still unattended: words with multiple meanings will have only
one representation.

To address this, the usage of contextual embeddings was adopted, which are context-dependent
representations that capture the use of words in multiple scenarios [111]]. Unlike traditional word
embedding techniques, contextual embeddings learn a vector that is a function of an input sequence
that contains the target token. As a result, the same word may have different representations if used
in different sentences. To further explain how these can be generated, the following subsections will
introduce the Transformer architecture and the BERT model.
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Figure 1: Overview of the Transformer architecture.

3.4 The Transformer Architecture

The Transformer neural network architecture [186] is designed for sequence-to-sequence tasks and
has proven to be highly effective in NLP [84]. Since its release, many variations of the original
formulation have been proposed [106]]. Figure | provides an overview of the original, also known as
vanilla, architecture. It consists of two main components: a stack of L encoders, and a stack of L
decoders.

The encoder takes an input sequence and processes it by applying attention mechanisms to capture
the relationships between different elements of the sequence. It also makes use of a feed forward
layer, residual connections, and normalization layers. Attention allows each element to attend to all
other elements in the sequence, enabling the model to establish the relative importance of each token
to the others. This is done following a Query-Key-Value attention model, with multiple attention
heads. Each head independently considers three weight matrices that are learned alongside the model,
WQ, WK and WV. The matrix representation of u input sentences of size N tokens, X € RV,
is multiplied by those matrices, originating Q € RV*de K € RVNXdr and V € RN %4 which are
used in the self-attention computation:

T

Attention(Q, K, V) = softmax (QK
vy,

In the previous equation, dy, is the dimension of the rows of K, and its square root is used as a
normalization factor for more stable gradients during training. The outputs from each attention

-
head are concatenated and projected back to the original dimension. A = softmax QK ) s
Vi

>V:AV. Q27)

referred to as the attention matrix, and is the major bottleneck in the Transformer, as it has quadratic
complexity with respect to the input size N, given the product QK " . Multiple variations of the
vanilla Transformer were proposed to deal with this specific issue ([179], discussed in Section @

The decoder takes the output from the encoder and generates a target sequence. It also uses attention
mechanisms, with slight differences. The first attention layer on the decoder is often referred to as



masked, causal, or auto-regressive attention, as it is restricted to attend only to previous tokens. The
second attention layer performs cross attention, as takes the learned projections for K and V from
the encoder, and the projections for Q from the previous decoder layer.

The positional encoding step consists in adding a vector that captures positional information to the
input embeddings. The computation of this vector was originally proposed such that each position
corresponds to a sinusoid, alternating between sine and co-sine functions:

PE(p, 2i) = sin(p/10000%/N) |

. (28)

PE(p, 2i 4+ 1) = cos(p/10000%/N) .
In the previous equation, p is the position and ¢ is the dimension. Other strategies for positional
embeddings have been proposed, for instance learnable positional embeddings [58]], rotary position
embeddings [[172]], or ALiBi [[143]], which does not use positional embeddings explicitly, but captures
positional information by adding a linear bias to the attention computation.

From the Transformer architecture, two distinct types of model families emerged: BERT [42]] and
GPT [148]. GPT, short for Generative Pre-trained Transformer, is known for its application in
language generation tasks. It is trained using a causal language modeling objective, where the
model learns to predict the next word in a sentence based on the preceding words, i.e., given
the set of tokens T = {t1,to,...,t,} and a context of k tokens, maximize the log-likelihood
> logP(t;|ti—k, ..., ti—1; ©), where the conditional probability is modeled by a Transformer de-
coder with parameters O. As for BERT, which stands for Bidirectional Encoder Representations from
Transformers, it uses a masked language modeling objective that focuses on capturing bidirectional
context of words in a sentence, using only the encoder of the Transformer. Given the predominance
of BERT-based models for dense retrieval, BERT will be further discussed in the next section.

3.5 Bidirectional Encoder Representation from Transformers

Bidirectional Encoder Representations from Transformers (BERT) is a neural language model that
achieved state-of-the-art performance on multiple tasks when it was published [42]], also having
been made publicly available. The available models were trained on books and Wikipedia data in a
semi-supervised fashion. Multiple variations on training data and objectives have been proposed (e.g.,
RoBERTa [[114]] and ELECTRA [26])), and variations of BERT have been tuned for different textual
domains (e.g., BioBERT [98]] for biomedical text, FinBERT [4]] for the finance domain, SciBERT [8]]
for scientific articles, and BERTweet [131]] for tweets).

BERT consists of Transformer encoders. Instead of feeding the output of the encoder to the decoder,
each token representation is kept as an embedding. For dense retrieval, the token representations are
pooled into a single vector to represent the whole input sentence. Common pooling strategies include
mean pooling, or CLS-pooling, where a special [CLS] token is prepended to the input string, and its
embedding is used as a representation for the whole sequence.

To pre-train the encoder stack, the authors proposed two tasks. The first was to find the right word for
some masked position of a sentence. As such, they employed a masked language modeling objective,
where 15% of the input is masked. Besides, some words are randomly replaced by another, and the
model is asked to find the right one for the position. The output associated with the masked/replaced
words is fed to a feed-forward network with softmax, yielding probabilities for words over the
vocabulary that are used to predict the missing word. The second objective was to detect whether or
not two sentences follow one another. A special token, [SEP], is used to separate the sentences, and
the output associated with the [CLS] token is fed to a classifier.

4 Dense Retrieval

Dense retrievers are mostly used for the task of first-stage retrieval, also known as full-retrieval.
In this task, the objective is, for a given query, to retrieve the top-/N most relevant documents from
a collection. As such, given the potentially large size of the document collection, methods for this
task need to be efficient. In this section, the bi-encoder architecture is introduced as the standard
architecture for the task in hand. Furthermore, a review on state-of-the art dense retrieval is conducted.
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4.1 The Bi-Encoder and Cross-Encoder Architectures

Dense retrievers are mostly based on the bi-encoder architecture. It works by independently mapping
queries and documents to a D-dimensional embedding space, where D, while high (usually 768),
is much lower than the vocabulary size V' discussed in Section[2.2] Consider Figure 2] left, where
a query ¢ = {q1,4z2,-..,¢;} is being compared to a document d = {d1, ds, ...,d;}. The encoder,
usually a Transformer encoder, independently processes the query and the document. Then, the token
embeddings are pooled into a single representation, and the cosine similarity function (Eq. ) is used
to compute the similarity between the query and the document representations, i.e., a proxy of the
relevance of the document towards the query. This architecture is contrasted by the cross-encoder
(Figure [2] right), where a query and a document are concatenated into a single sentence, and a
representation that encompasses the pair is generated and fed to a linear layer to produce a similarity
score. This allows for bi-directional attention between query and document terms, resulting in more
accurate relevance judgments. However, it has inferior computational performance as it does not allow
for offline document indexing, since representations are not independent. As such, the cross-encoder
is mostly used for re-ranking tasks [[135, 141} 134,214, i.e., given the top-N documents for a query,
re-rank them. For neural full-retrieval (i.e., the top- N retrieval from the whole collection), which is
the focus of this survey, bi-encoders are the preferred architecture.

For bi-encoders, the encoder that processes queries and documents may be the same, as proposed
in works such as SBERT [150], or follow approaches such as DPR [86] which use an independent
encoder for queries and documents. A computationally efficient, yet powerful, variation in the
similarity computation named late interaction was introduced in ColBERT [87], which given a query
g, k' documents will be retrieved for each token representation in the query (i.e., documents are
scored against the individual query token representations), producing |¢| x &’ results. Then, from
those, the unique ones will be re-ranked, exhaustively scoring each document with respect to the
whole query.

Given the independence between the computation of query and document representations, offline
indexing of individual document representations is possible when using a bi-encoder, followed by
search through methods that support the fast execution of maximum inner product searches such
as FAISS [82]]. If exhaustive search over the whole collection is not feasible, approximate nearest
neighbor (ANN) techniques such as Product Quantization [77]] and Hierarchical Navigable Small
Worlds [123]] can be employed for faster retrieval.

Product Quantization involves dividing high-dimensional vectors into smaller subvectors and quan-
tizing each subvector independently, reducing the computational complexity of similarity search by
decomposing it into multiple lower-dimensional searches. As for the Hierarchical Navigable Small
Worlds technique, it constructs a hierarchical graph structure, where each node in the graph represents
a document, enabling efficient navigation between nodes based on their similarity, and allowing for
fast retrieval by exploring a small subset of the entire document collection.

4.2 Dense Retrieval Training Setup
Bi-encoders are built on top of pre-trained Transformer encoders, such as the aforementioned BERT

model. For dense retrieval, the language semantics captured during pre-training are often not enough,
with embeddings from out-of-the-box BERT-like models achieving subpar results [[150]. As such,
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a fine-tuning step is used, which usually leverages large amounts labeled data. For instance, given
a set of train queries @, for each g € @ there is a set of documents from the whole collection D ,
D, € D, that are relevant towards g, which is usually very small (e.g., 1). Since human annotators
only label relevant documents, the set of irrelevant documents towards g, Dy, needs to be sampled
from D, which can be very large.

As such, when building a batch for training, the process of choosing negative examples for a given
query, often referred to as negative sampling, is a crucial process. If sampled randomly, the similarity
between the documents and the query is likely to be very low, not contributing to the learning process.
Conversely, choosing the documents that despite being negatives are the most similar to the query
(hardest negatives), will make the distance between the embeddings very small, which may lead to
collapsed models [[197].

Multiple works exclusively used randomly sampled negative examples [71, [146]. This has been
shown to be suboptimal [211], as it may lead to a large number of easy negatives, motivating the need
for hard negative sampling techniques. For instance, lexical techniques such as BM25 have been
used to sample negative examples [57, |86, as well as dense retrieval models, which can be done in a
static fashion, i.e., sample the negatives for the training queries prior to training (e.g., REALM [64]),
or dynamically, as in strategies such as ANCE [201]], where the model being trained samples the
negative examples from an ANN index of the corpus, which is parallelly updated with the learning
process to select more realistic negative training instances. Extensions include ANCE-Tele [[174],
which showed that dynamic sampling may induce the model into catastrophic forgetting [89] of
negative groups, proposing the usage of teleportation negatives, which consist of a combination
of negative examples from previous iterations, and estimation of potential hard negatives in future
training iterations using the neighbors of the positive document. ADORE and STAR [211] are two
training techniques that also employ dynamic hard negative sampling, but argue that random negatives
also have to be introduced in order to achieve more stable training.

Models such as RocketQA [146] use the notion of denoised negative sampling, where in order
to avoid false negatives, only the examples scoring below a threshold are considered. Besides,
this model also uses in-batch and cross-batch negatives. In-batch negatives consist of using the
positive documents associated with a query as a negative example for other queries in the same batch.
Cross-batch negatives can be employed on multi-GPU training, where examples in different batches
are shared. These techniques highly boost the effective training data, and its results can be further
improved by considering careful batch construction [67]], e.g., following a strategy where similar
queries are grouped together in the same batch, since hard negative documents sampled for a given
query are probably also challenging for similar queries.

During training, given the training pairs (g, d) in a batch, and their respective labels, the bi-encoder
computes the similarity between them following the logic presented in Figure [2] left. Then, loss
functions such as the cross-entropy can be used to train the model [87]:

Lcrossentropy = - Z log(score(q, d)) - Z 1Og(1 - Score(q, d)) . (29)
deDy dED’?

In the previous equation, D and D’q are the sets of positive and negative documents for query g,
respectively, provided within the same training batch. Other loss functions such as the hinge loss,
presented in Section@, are also commonly used [[150]], rewritten here for convenience:

Lhinge = Z max (0, score(q, d”) — score(q,d™) +€) , (30)
d+t eD{I,d*eD’E

where the objective is to have positive documents scoring at least the value of the margin e higher
than a negative one. PAIR [151] introduced a slightly different approach to training, which leverages
a combination of query-centric and document-centric similarity, i.e., instead of considering only the
similarity between queries and documents, the similarity between positive and negative documents
within a batch is also used to guide the loss.
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4.3 Improving Dense Retrieval Models

In order to improve on the standard training setup previously described, multiple methods have been
proposed [102]. For instance, RocketQA [[146]] and AugSBERT [180] propose a data augmentation
technique that consist in using a strong cross-encoder to label (g, d) pairs that are not associated with
relevance judgements, to be used for the training of a bi-encoder. The new pairs to be labeled with
the cross-encoder can be sampled using different techniques, such as (i) random sampling, (ii) kernel
density estimation, which aims to get a similar label distribution to the set of already labeled pairs,
(iii) BM25 sampling, where the top-k documents returned by BM25 for each query are selected,
and (iv) semantic search sampling which uses a model trained on the already labeled set to retrieve
the top-k most similar sentences. Query generation is another specific case of data augmentation
that can be used e.g. for Information Retrieval tasks. Doc2Query [136] is the first work that used
transformer-based models to generate queries given an input document. Later, DocT5Query [133]]
was proposed as an extension that replaced the transformer with a T5 model. In Doc2Query— [S9]], the
authors argue that since generation models can hallucinate, some output queries may not be useful,
showing that properly filtering the queries improves their results in downstream tasks. More recently,
Large Language Models have been used for query generation. For instance, InPars [[14] proposes to
few-shot prompt GPT-3 [19] with context examples, and also shows that query filtering, by removing
queries with low generation probability, improves results on downstream Information Retrieval tasks.
This model has been extended in InPars-v2 [[78]], where the model was changed to an open-source
alternative, GPT-J [192], and a neural model is used to assign relevance scores to the generated query
and respective document, removing pairs below a threshold. The authors of DRAGON [105]] provide
an in-depth analysis of the above augmentation techniques (query and label), proposing a training
approach with diverse artificial queries and sources of labelling supervision, achieving strong results
in retrieval benchmarks.

Current research directions also analyze and improve the robustness of dense retrievers against
misspellings [168] and typos [215]]. Efficiency is also a concern, with methods for embedding
dimension reduction being proposed [121}[116]. Regarding larger models, their generalization ability
has been studied [132], and their use in the task of knowledge distillation for dense retrieval is also
an active research area.

The objective of knowledge distillation is to use a larger, stronger model to guide the training of a
smaller one. One possibility for this technique is to use a cross-encoder to teach a bi-encoder. As
previously stated, the properties of bi-encoders make them computationally more efficient. However,
cross-encoders are better at capturing query-document interactions, usually performing better than
bi-encoders, in terms of result quality. Previous studies have addressed distillation processes that
go from larger models to smaller versions, for example by using the outputs of the large model
as targets [80, [165]. However, when distilling from a cross-encoder to a bi-encoder, trying to fit
the cross-encoder’s outputs directly is not optimal, since the range and magnitude of the cross-
encoder scores (sigmoid of logits) differ from those of the bi-encoder (cosine similarity of vector
embeddings). Approaches for cross-architecture distillation have been attempted, for example by
optimizing the margin between scores [66], e.g., given a triplet (g, d™, d™), a teacher model M; and
a student model M, minimize the mean squared error between scoreyy, (q,d™) — scoreyy, (q,d™)
and scoreyy, (q,d™) — scoreps, (q,d ™).

The same authors proposed TCT-ColBERT [103]], consisting of a dual encoder student, and a
ColBERT [87] teacher, i.e., distilling from a bi-encoder with late interaction to a regular bi-encoder.
The teacher computes scores for the positive documents and in-batch negatives, and the student is
trained by combining the standard cross entropy loss component with a Kullback-Leibler divergence
between the distributions of student and teacher scores. In subsequent work the TCT-ColBERT was
further improved with hard negative sampling [104].

Regarding the size and performance of the teacher, other authors [107] argued that it is common for a
strong teacher model to result in a bad student through distillation, due to the gap between teacher and
student. They proposed PROD as a progressive distillation method for dense retrievers, as this type
of distillation had shown to be effective in other downstream tasks [[152, |1]]. PROD consists of two
progression mechanisms. First, via teacher progressive distillation, the capability of teacher models
is gradually improved by resorting to different architectures. Then, via data progressive distillation,
student models start learning from all the data, moving to samples of the data that contain examples
where the student performs poorly.
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Another technique that is common to state-of-the-art dense retrievers is in-domain pre-training [137|
5511264 [198]. For instance, for the specific case of the CoCondenser [54, 55]], a masked language
modeling objective is augmented with a contrastive loss. This contrastive loss is query-agnostic, as it
only considers the document corpus. More specifically, given a set of documents {dy, ..., d,, }, a pair
of spans is extracted from each one, {(s1,1,51,2); ---, (Sn,1, Sn,2) }. Given the representation for each
span in a batch, Ts; ;s the contrastive loss can be written as:

exp(simeos (7”57:,1 1T840 )

g .
ZZ:I Zle Hij;ékl exp (Slmcos(rsh,i ) TSJ',)C)>

Lg(;ntrastive =—lo (3 1)

The previous equation resembles noise-contrastive estimation [63]], the idea being that spans close
together should have similar representations, while those in different documents should have different
representations. RetroMAE [[115}[199] is a different retrieval-oriented pre-training approach that
aims to force an higher quality from the representation output by the encoder. This approach follows
a masked auto-encoding workflow, composed of an encoder and a shallow decoder, where the input
text is masked, with the decoder input being masked more aggressively. Given the representation
from the encoder and the highly masked input text, the shallow decoder attempts to reconstruct the
original text via masked language modeling.

4.4 Bridging Dense and Sparse Retrieval

While dense retrieval has shown good results, some authors [24] [167]] have argued that (i) dense
retriever training suffers from objective mismatch between the language model pre-training task
(masked language modeling) and the dense vector similarity-based fine-tuning, and (ii) dense indexes
have a large size, potentially contributing to high retrieval latency. While some techniques to address
the above remarks have been discussed previously in this document (in-domain pre-training and
approximate nearest neighbor search), other authors have studied the combination of neural models
and sparse retrieval [209}75}196], allowing the usage of term-based inverted indexes for faster ad-hoc
search, and benefiting from explicit lexical match and interpretability.

In order to have the importance of a term varying with its context, DeepCT [38]] proposed a weighting
scheme that uses a BERT model to generate term embeddings, and a linear regression model to
predict term weights for each term. Still, the vocabulary mismatch inherent to most sparse retrieval
methods is not addressed with this approach. Doc2Query [136]] and DocT5Query [133]] address the
mismatch problem by using a Transformer-based model to generate queries for a given document.
Then, documents are extended with the generated queries. This re-weights terms and expands the
document with new vocabulary, which can mitigate the mismatch problem upon a user query.

SpaDE [24] can be seen as a combination of the two previous approaches, as it uses a BERT model
with a linear model on top to learn term weights, and a second BERT encoder with a MLM head
to learn expansion terms. Other recent methods include the SPLADE [48] 95| |49] model family,
which try to improve on SparTerm [7] by adding a log-saturation effect in the weight estimation,
which prevents certain terms from dominating, and ensures sparsity in the document and query
representations. The ranking loss used in SPLADE is based on the maximization of the probability
of a positive document given a query, together with a sparsity regularization penalty [140]. The
previously mentioned RetroMAE [L15) [199] has a sparse counterpart, LexMAE [167]]. In this
approach, the same structure of RetroMAE’s masked auto-encoding workflow is used, composed
of an encoder and a shallow decoder that tries to reconstruct an aggressively masked version of the
input text. However, the decoder is conditioned on a bag-of-words bottleneck, that is generated by
multiplying the encoder’s embedding matrix by an intermediate representation obtained through
pooling logit vectors.

5 Information Retrieval Evaluation

Evaluation is a crucial aspect of information retrieval systems, allowing to assess their effectiveness by
comparing to different strategies. However, evaluating retrieval systems is not without its challenges
and complexities. One such challenge arises from the inherent bias of IR collections, where the
vast majority of documents are irrelevant to a given query. Another significant aspect is the type
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of relevance assessments, which can be categorized into binary or graded. Addressing these non-
trivialities is essential for ensuring robust evaluation methodologies that provide meaningful insights
into the performance of information retrieval systems.

5.1 Metrics

This section summarizes the most commonly used metrics for IR. More details and other metrics can
be consulted in the following sources: [} [125]].

Precision and Recall

Precision and Recall can be considered the backbone metrics for IR systems, as they assess the
ability of a model to retrieve relevant documents. The precision computes the fraction of retrieved
documents that are relevant. Let S be the set of retrieved documents for a given query, and S™ the set
of relevant documents. The precision can be computed as follows:

|S N S*|
P="——7———. (32)
5]
As for recall, it computes the percentage of relevant documents returned:
|S N S*|
R=1" "1, (33)
5%

Some systems may need an higher recall and others an higher precision. However, having both an
high precision and recall has proven not to be possible in normal situations. As such, a trade-off
between precision and recall may sometimes be needed. One metric that is often considered for that
purpose is the F'; measure, which consists in the harmonic mean between precision and recall:

2PR
F, = PIR (34)
It is often useful to compute the above metrics at the k' retrieved document, i.e., P@k:%,

_|SknS¥| _ 2PQ@QKRQE
R@k= [S*] »and F, @k = P@k+R@k"

One metric that is often used in other tasks that is not usually considered in an IR setup is the accuracy,
i.e., the fraction of classifications that are correct. This is due to data skewness in large collections,
where most documents are irrelevant towards the information need. As such, a system that rates all
documents as irrelevant would have a very high accuracy, while not being useful for the end user.

The above metrics are based on set theory, i.e., do not consider the ranking order of the documents.
One possibility to deal with this is through the usage of precision-recall curves, which show how
precision changes as recall increases. However, there are also specific metrics to deal with such a
scenario.

Order-aware metrics

One of the most standard order-aware metrics in the IR community is the Mean Average Precision
(MAP) [173]]. Given a collection of queries, it computes the arithmetic mean for the Average Precision
(AP) for each query, i.e., the average of the precision value obtained for the set of top-k documents
existing after each relevant document is retrieved:

AP
MAP — M , (35)
@
T P@ix I
AP(q) = Z:z—1|S*|ZX . (36)
q

In the previous equations, @ is the set of all queries, Sj is the set of relevant documents for query ¢
and [[; evaluates to 1 if the document at rank ¢ is relevant to ¢ and to 0 otherwise.
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Another commonly used metric is the Mean Reciprocal Rank (MRR) [30], which focuses on the
position of the first relevant document in the ranked list for each query.

1Q

1 1
MRR@k = — _ 37
RR Q| ; rank(i, k) ’ 37

where rank(i, k) is a function that, given the top-k results for the i*" query, returns the position (rank)
of the first relevant document.

Graded relevance

All metrics discussed so far only consider binary relevance, i.e., they do not account for graded
relevance (i.e., instead of binary judgments, documents can have different levels of relevance). The
Normalized Discounted Cumulative Gain (nDCG) [76] is the standard metric for cases where the full
order of the items and their relative relevance should be taken into account. It starts by computing the
DCG:

R;
logy (7) ’

k
DCG@k =Ry + Y (38)
=2

where R; evaluates to the relevance value of the document at rank ¢. The index of the document up to
which the ranking is considered is represented by k. The DCG is normalized with the ideal DCG, i.e.,
the DCG of a perfectly sorted result:

DCGQk

(39)

5.2 Benchmarks

As the field of IR has evolved, so have the benchmarks used to evaluate the performance of various
information retrieval systems. In recent years, there has been a significant shift towards utilizing
larger and more comprehensive benchmarks to reflect the scale and complexity of modern information
retrieval tasks. For instance, Cranfield, one of the pioneering collections, consists of 225 queries
and 1398 documents. Nowadays, datasets such as the ClueWeb22 [[139] contain approximately 10
billion documents. This section provides a summary of the most commonly used benchmarks for IR
experiments, focusing on their dimensions and associated tasks.

5.2.1 ClueWeb

The ClueWeb is a line of datasets consisting of large collections of web documents of different
languages. The first iteration, ClueWeb09, contains 1 billion web documents in 10 languages,
also providing a web graph with approximately 8 billion out-links. The most recent iteration,
ClueWeb22 [[139], contains 10 billion documents. For the most important webpages within the
collection (200 million, of which 43% are in English), there is information regarding the HTML, the
web graph, clean text, semantic annotations, and screenshots.

5.2.2 TREC

The U.S. National Institute of Standards and Technology (NIST) has run an IR evaluation series since
1992, accommodated in the Text Retrieval Conference (TREC). There are many different TREC
tracks. For instance, the TREC Deep Learning track focuses on document and passage retrieval, with
new queries and graded relevance judgments released every year since 2019 [32} 33}, 134} [35]].

The TREC Web track, that ran from 1999 to 2014, leveraged the ClueWeb dataset for multiple tasks,
such as named page finding, topic distillation, and ad-hoc retrieval. The dataset Robust04 [[188]] was
built by considering topics (queries) that performed poorly in the TREC Ad-hoc retrieval track, that
is also no longer running.
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Table 1: Summary of the approaches used in MS-MARCO data.

Sparse Retrieval Dense Retrieval
D I &
¢} N} - % i < o
3 . ;@ N i (\V' | o '5"} &o Ls
& o Ry 5 F 5 & F
S & § 5 N £ § § & 5
o s ¢ § 5§ & & s § 5 9
Ry & § S 5 £ § S s IS S
9 s & & I 7 SR

MS-MARCO (Dev)
MRR@10 18.7 21.5 24.3 38.8 42.6 33.9 34.1 38.6 354 39.9 39.0

R@1000 59.2 89.1 91.3 98.2 98.8 95.9 97.9 98.4 97.5 98.5 98.6
TREC Deep Learning 2019

NDCG@10  51.2 - 55.1 74.3 73.7 - 67.8 71.5 68.8 70.0 74.4
TREC Deep Learning 2020

NDCG@10  47.7 - - 71.8 72.8 - 66.1 68.1 71.4 67.8 72.3

Other recent tracks include TREC Covid [[153]], which dealt with retrieval on top of medical documents
regarding the Covid-19, and TREC Clinical Trials [154]], which evaluates the effectiveness of systems
in retrieving relevant clinical trial documents for a specific patient description.

5.2.3 BEIR

BEIR [181] is a heterogeneous benchmark containing datasets for multiple IR tasks. It contains
19 datasets, where some can be used for ad-hoc retrieval multiple domains (MS-MARCO [20],
Robust04 [188]], TREC Covid [153]], NFCorpus [17], BioASQ [184]], TREC News [171]]), but it
also contains datasets for tasks such as Question Answering (Natural Questions [92], FiQA [122],
HotpotQA [204]]), Duplicate Question Retrieval (CQADupStack [69], Quora [[147]), Argument
Retrieval (ArguAna [190]], Touche-2020 [13]), Citation Prediction (SciDocs [27]), and Fact Checking
(FEVER [182], Climate-FEVER [44], SciFact [191])).

Some of the above collections (MS-MARCO, NFCorpus, BioASQ, NaturalQuestions, HotpotQA,
FiQA, and FEVER) have training sets of considerable sizes, allowing in-domain training of retrieval
models. The other collections only contain test splits, hence zero-shotting models trained on other
collections is often the used strategy.

5.24 MS-MARCO

MS-MARCO [20] is a benchmark dataset that can be used for document retrieval and passage
retrieval. It also has support for the tasks of key-phrase extraction, natural language generation, and
question answering. For document retrieval, the available data comprises 3.2 million documents
and over 1 million queries from BING. From those queries, 362 thousand are labeled with human
annotations concerning binary relevance judgments. For passage retrieval, the 3.2 million documents
are split into 8 million passages. Clean anchor-text data has been released for this dataset [50]].

Associated with the MS-MARCO data, the ORCAS [31] dataset provides click-based data for
1.4 million documents, consisting of 10 million queries associated with 18 million connections to
documents.

More recently, a second iteration of the dataset has been released, which contains 12 million doc-
uments, and there is also a mapping between passages and the documents from which they were
extracted.

The previously mentioned TREC Deep Learning tracks leverage data from this collection, the first
years from version 1, and since 2021 from version 2. Table E] summarizes the some of the most
commonly referred to methods and their results in these datasets.
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6 Research Directions

This section covers possible research directions that are in line with what was addressed in this review.
For each topic, related work is briefly introduced to contextualize the task, and open problems are
addressed.

6.1 Long Document Retrieval

The dense retrievers addressed in this survey are based on the Transformer architecture, which has
a computational bottleneck on the self-attention mechanism, due to its quadratic complexity with
respect to input size. This hinders the possibility of using vanilla transformers on long inputs, which is
why usually input sentences are truncated to 512 tokens. In the following subsections, two techniques
to overcome this issue are addressed, namely aggregation strategies, where the long document is split
into multiple passages, and long-document transformer architectures, which leverage local, global,
and sparse attention patterns to lower the memory cost of performing the attention computation.

6.1.1 Aggregation Strategies

In the context of document retrieval, aggregations strategies rely on segmenting the document into
passages. Then, either only the first passage is used (FirstP), or all passages are mapped to the
embedding space, and the score for the document is obtained by max (MaxP) or sum (SumP)
pooling the passage scores [37, 206]. Combinations of these strategies are possible, for instance
K-MaxP-Avg [23]] which considers the average of the top-K passages scores as the document score.

Instead of aggregating scores, other works such as PARADE [101] study the aggregation of the vec-
torial representations of document chunks. The authors considered simple aggregation methods, such
as max pooling the representations, and more complex ones, for instance using a Transformer encoder
to output a pooled representation for the concatenation of passage representations. MORES+ [56]]
feed the independent representations of query and document chunks to a Transformer encoder that
uses self-attention over the query tokens, and cross-atention between query tokens and document
tokens.

Fusion-in-Decoder [73] (FiD) is similar to MORES+, but uses both the encoder and decoder of the
Transformer. It was originally proposed for Question Answering, where multiple question-context
pairs are encoded independently, and the representations are then concatenated and fed as input to the
decoder. This is particularly useful for tasks with short output sizes, since the decoder has O(nk + k?)
complexity, where n is the input size and k is the output size. FiD-Light [68] and FiDO [39]] are
extensions to the original FiD, that deal with lowering the computational cost of decoding. The
former proposes to reduce input length by a constant factor, while the latter removes cross-attention
from some decoder layers entirely. Both strategies achieve similar inference speedups, but FiDO has
overall better results. While for Question Answering tasks the contexts may be fully independent,
retrieval tasks may receive as input one large document that potentially needs global contextualization.
SLED [72] is a FiD-based model that deals with such tasks by splitting the document in multiple
overlapping chunks, achieving competitive results in the SCROLLS benchmark [166].

Possible future work in this area includes the usage of FiD-like models for dense retrieval. The above
models are mostly used as cross-encoders, yielding a score rather than a representation. Although
dense retrievers are usually encoder-only, the decoder can also be included and used as a pooler,
i.e., decode a single token given the encoder output and use its representation as the embedding for
the input sentence. This way, instead of having e.g. MaxP indexes (where each document will be
represented by one vector per passage), a FiD technique can be used when encoding a document, by
splitting it into passages in the encoder, and fusing the representations prior to decoding the single
token. This approach scales linearly with the number of passages when training and generating the
representations, and has much smaller index size when compared to the MaxP approach since each
document has a single representation.

6.1.2 Long Document Transformers

Work related to Transformers for long inputs make the assumption that the full attention matrix may
not be necessary to model all interactions between the tokens. For instance, the Longformer [9] uses
a local window attention, and chooses some tokens to hold global attention. Similarly, BigBird [208]
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follows the same principles, but chooses random tokens in the input to have global attention, achieving
better performance on QA tasks than the Longformer. LSG Attention [29] also leverages the previous
mechanisms. However, special tokens to be attended globally are preprended to the input (instead of
selecting tokens from the input).

Instead of selecting the tokens that are going to be attended based on their location, some methods
have been proposed to select them based on their content. For instance, the Reformer [90] uses an
attention method based on locality-sensitive hashing (LSH). In the self-attention, when computing
softmax(QKT), for each ¢; € Q, this method selects only the subset of K containing the top-N
vectors closer to g;. Learning-to-Hash attention [[176]] aims to overcome some issues with models
based on the previous mechanism, such as the randomness of LSH, and the assumption of shared
embedding space between query and key vectors.

A different school of thought leverages low-rank approximations of the attention matrix instead of
selecting tokens for which attention is computed. For instance, the Linformer [194] applies low-rank
decomposition to the attention matrix, and the Nystromformer [202] uses the Nystrom method to
approximate the attention matrix.

The above and other models have been used in benchmarks such as the Long Range Arena [178]],
but its usage in retrieval tasks is still underrepresented. Previous studies [18]] have argued that
retrieval collections such as MS-MARCO and Robust04 are not particularly well-suited for long-
range modeling evaluation, as they have a relevance bias towards the first passage of the document.
With novel collections such as ClueWeb22, a larger study on this aspect could be conducted, and
the inclusion of queries that motivate modeling larger sequences studied, also considering the ideas
behind recent work on Large Language Models context size [109] 45| 22} [183]].

6.2 Structured Document Retrieval

Regarding the specific case of web documents, besides being long, they also contain an inherent
structure provided by their HTML DOM tree, as well as visual features. Given the availability of
benchmarks such as ClueWeb22 that contain this sort of information, and previous work showing
that it may be useful to incorporate it during the training of retrieval models [[62], it is now possible
to study the actual contribution that this data can have to web search.

One possible path is to study how to incorporate structure and visual information when training dense
retrievers. For instance, for the task of the keyphrase extraction, BLING-KPE [200]] uses hybrid
positional embeddings to represent structural information and visual features, by concatenating a
vector representation of those features to the regular positional encodings. SMART-KPE [1935] also
leverages structural information and visual features, but does so by having a second transformer to
encode them. There are also Transformer variations to deal with this type of data, for instance the
LayoutXML [203] which is a multimodal transformer capable of processing text, layout, and the
image of a page. The Webformer [[193] is mostly used for web information extraction, having been
finetuned with HTML data and containing special tokens for HTML tags. As such, devising ways to
incorporate structure information when generating representations for web documents could improve
retrieval results. That can be done for instance through prompting, in the case of passage-level
features, or in the case of token-level features through positional embeddings or variations to the
attention mechanism. Pre-training tasks regarding structural information and visual features can also
be employed. Other authors [62]] have proposed masked dom node prediction, parent-child modeling,
brother node modeling, and children order recovery. With the ClueWeb22 data, other tasks can be
considered, for instance title extraction, visual feature prediction, and field type classification.

Another direction is to include structure and visual information when filtering a document corpus
for training. Following work on scalling laws for neural language models stating the training data
should grow as the number of parameters of a model grows [85] 65| 2], recent studies have been
assessing the impact of different filtering mechanisms and data design strategies when selecting data
for training [97,[117]. The same could be verified for a retriever: if training on a very large collection,
corpus filtering should be conducted. For that effect, the inclusion of structure and visual features
can provide additional context and cues that aid in understanding the content and relevance of a
document.
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6.3 Information Retrieval and Large Language Models

Currently, the paradigm of machine learning for natural language processing tasks has shifted
tremendously in a short time span, favoring transfer learning from pre-trained language models to
downstream tasks over creating specialized models for each task. This has resulted in groundbreaking
state-of-the-art performance across multiple fields, with foundational models like LLaMa [[183],
PALM 2 [3] and GPT-4 [138]] leading the way.

Some fine-tuning approaches have demonstrated impressive zero-shot generalization to different
tasks, for instance the usage reinforcement learning with human feedback [46], and instruct fine-
tuning [196]. This, however, still requires training models with a very high number of parameters,
which hinders end-to-end tuning especially under limited hardware conditions. Solutions like low-
rank adaptation (LoRA) [70] aim to overcome this issue by selecting only a small percentage of
trainable parameters, by decomposing weight matrices into low-rank factors, and quantizing the
model to 16-bit, or even 4-bit in QLoRA [41]].

Prompt-based methods [[L10]], are particularly useful when training is not possible, since instead of
fine-tuning the model, the generation capabilities of LLMs are directly exploited. Previous work has
shown very convincing evidence on how prompt usage substantially improves results [213]], specially
the few-shot prompting technique [[19]], which conditions the output generation on a small set of
provided examples from the task in hand.

Given the relevance of such models, it is important to assess how to use them to aid retrieval
and vice-versa. Retrieval-augmented generation is an active research area, leveraging retrieval
models to obtain more accurate and contextually relevant responses to factual questions [[79} 100,
16, [149]. Traditional language models generate sentences based on input prompts but may lack
context understanding, leading to inaccuracies. Retrieval-augmented generation includes a retrieval
component that retrieves relevant information from a document collection based on the query. The
generation is then conditioned on the retrieved information, enhancing the generation process.

Query generation is a specific case of data augmentation that was discussed in this review, as it can be
used in IR tasks e.g. for document expansion [136) [133,159] or synthetic data generation [14}[78]]. As
such, leveraging LL.Ms to generate queries can be useful for IR collections lacking training data, or
for potentially better expansion terms. Moreover, current methods such as InPars [14,[78] truncate the
document text on the first tokens, which can bias data towards the first passage. Methods to generate
queries focusing on the whole sequence may create more robust relevance distributions and promotes
long sequence modeling for retrieval.

Finally, there are studies using LLMs as re-rankers through prompting [[144, [175]]. This can be done
in a pair-wise fashion (i.e., prompt the model with two documents and a query, and ask which one is
the most relevant one towards the query), or list-wise fashion (i.e., prompt the model with a numbered
list of documents and a query, and ask to re-arrange the numbers with respect to relevance towards
the query).

7 Conclusion

This survey presented a review on dense retrieval. It covered a wide range of topics, starting from the
early classic IR models, to the current state-of-the art neural retrieval methods. The training setup of
dense retrievers was addressed, and multiple extensions such as negative sampling and knowledge
distillation explained. Models that combine neural with sparse methods were also examined. For
completion, this document also contains a brief background in the machine learning techniques used
in this task (architectures, optimizers, and loss functions), and an overview of IR benchmarks and
metrics. Finally, challenges and promising research directions are highlighted in order to promote
future work on the area.
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