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Abstract

Weak baselines have been present in Information Retrieval (IR) for
decades. They have been associated with IR progress stagnation, baseline
selection bias to publish results more readily, and models’ effectiveness
reproducibility issues that hinder the validation of results by independent
research teams. Weak baselines have been studied by the IR community;
however, the focus has been almost exclusive on ad-hoc retrieval, the most
popular IR task, leaving outside other IR tasks and datasets recently de-
veloped. Current deep neural IR research is particularly vulnerable to the
issues with weak baselines due to the hype surrounding deep learning.

In this thesis we investigate the cases of weak baselines in ad-hoc
retrieval and question answering (QA), two representative IR tasks among
13 cases of weak baselines we found in current deep neural IR research from
EMNLP 2018 conference. In particular, we study whether the recently
introduced deep neural IR models are actually significantly more effective
than the reported IR baselines or than LambdaMART, the Learning to
Rank (LTR) model we propose plus hyperparameter optimization (HPO).
We also benchmark two HPOmethods: RS and BOHB, to determine which
method is more efficient to retrieve a good hyperparameter configuration.

Throughout our experiments we show that the effectiveness of the
novel deep neural IR models can be difficult to replicate, it might be lower
than reported, and that it is not necessarily significantly higher than the
baseliness. Furthermore, we demonstrate that BOHB is more efficient
than RS, but the HPO process not always improves the effectiveness of
LambdaMART significantly.
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Chapter 1

Introduction

Deep neural networks have significantly improved the state of the art (SOTA
for brevity) of fields like computer vision [106] or Natural Language Processing
(NLP) [123]. Although this is also becoming the case for IR with the most novel
developments such as the Bidirectional Encoder Representations from Trans-
formers (BERT) [34], the improvements brought by many other deep neural
network approaches to Information Retrieval (IR) are still modest compared to
non-deep neural networks methods and might be unwarranted according to a
recent study performed by Lin [71]. Lin [71] warns the IR community about
the dangers of using weak baselines in current IR research, specially in deep
neural IR.

1.1 Weak Baselines in IR research

In an empirical research field such as IR the effectiveness improvement of a
new model is determined comparing it to the effectiveness achieved by previous
models referred as baselines. Each model is tested on a given IR task, document
collection, and a set of evaluation metrics.

Recently, Lin [71] warns the IR community that weak baselines are being
employed in current IR research. Weak IR baselines are characterized as non-
competitive models [11] that lack the latest discoveries in the field [11] and
are inadequately-tuned [71]. Other researchers [11, 60, 140] have demonstrated
that the use of weak baselines in IR is not new but still a prevalent problem,
particularly in the most popular retrieval task, ad-hoc retrieval, which consists
in determining the relevance rank order of given documents with respect to a
query. The use of weak baselines in IR involves several issues: (1) progress
stagnation, i.e. the effectiveness of new proposed models has reached a plateau
instead of showing an upward trend throughout the years [11, 143]; (2) base-
line selection bias, meaning that weak baselines might be chosen because they
are easy to beat and show statistical significance upon them, facilitating the
publication of these kind of results [11, 108, 71]; and (3) models’ effectiveness
reproducibility issues, concerning the practices that hinder the verification of
results by independent investigators [11, 73]. Deep neural IR is particularly
vulnerable to these issues due to the hype surrounding deep learning (DL) [71].

1



1.2 Reducing the gap Introduction

Researchers have addressed the issues with weak baselines in IR from differ-
ent perspectives. Firstly, Armstrong et al. [11], Yang et al. [143], and Kharazmi
et al. [60] gathered a large evidence about the presence of weak baselines in ad-
hoc retrieval by the means of meta-analyses surveying the IR literature over two
decades until recent years. Secondly, Armstrong et al. [10] built a public online
system to keep a register of the effectiveness of the best IR models such that
these models could be easily queried and considered as baselines. However, this
system is not active anymore; apparently, it did not gain traction among the IR
practitioners [71]. Thirdly, an entire SIGIR workshop has been devoted for the
effectiveness replicability of different IR baselines: the Open-Source IR Replica-
bility Challenge, OSIRRC 2019 [73]. Fourthly, most researchers [11, 71, 60, 143]
agree on the need to employ strong baselines, which are competitive, mature,
and adequately tuned models (i.e. the exact opposite to weak baselines), an
objective that is difficult to reach due to the unavailability of open implemen-
tations for the SOTA models. Lastly, the IR community advocates for good
and reproducible research practices when comparing IR models; for instance, it
encourages the release of the code when new models are proposed [96]. Some of
these measures are taking effect, since we see that comparisons to weak baselines
are being held from publication in recent conferences related to IR [41].

1.2 Reducing the gap
The IR community has made important contributions to tackle the problem of
weak baselines; nonetheless, there are still gaps to be filled. In this work, we
focus in four aspects to address weak baselines: the IR tasks, candidate strong
IR baselines, hyperparameter optimization (HPO), and reproducibility.

IR tasks. To the best of our knowledge, past research has focused exclusively
on the ad-hoc retrieval task for which we already know many prominent cases
of weak baselines. The main reason being the availability of hundreds of studies
about this task (on the same dataset) that allows to establish an anlysis over
baselines. However, we still lack this kind of information for other IR tasks.
We conduct an examination of the IR studies presented at the latest edition of
the Empirical Methods for Natural Language Processing (EMNLP1) conference
(an influential research venue with >2000 paper submissions that hosts IR and
other related research topics [7]) and find that weak baselines are employed in
diverse IR tasks (e.g. [80, 68, 112]).

In this work we focus on two IR tasks: ad-hoc retrieval and question-
answering (QA). Ad-hoc retrieval is a classic IR task and has been largely
studied [78]. It consists of an IR system that returns a ranked list of docu-
ments given a query representing the user’s information needs [78]. Usually,
queries and documents are heterogeneous, meaning that documents are longer
than queries. On the other hand, questions and answers are both short texts
expressed in natural language. In contrast to ad-hoc queries, questions convey
a more defined information need [120, 45]. Moreover, while ad-hoc retrieval is

1https://www.emnlp2018.org
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Introduction 1.2 Reducing the gap

concerned with how relevant a document is with respect to a query, QA aims to
find the right answer for a question [120]. To exemplify the difference between
ad-hoc retrieval and QA, let’s imagine we search for “European countries” on
the internet and the returned documents include the whole Wikipedia2 pages
of The Netherlands and Spain but also web pages advertising tours to those
countries; both groups of retrieved documents from the web could be seen as
relevant depending on the user intent. On the other hand if we submit the
question “What are the names of the European countries?”, we expect a spe-
cific list with the countries’ names. Furthermore, if instead we ask “Are Angola
and Morocco European countries?”, possible answers are a simply “No” or “No,
they are African countries”.

The nuances in the way questions can be asked and how the answers are
tailored make more difficult to evaluate a QA model regarding how effectively
it retrieves the correct answer [120]. This also makes the design of standard QA
tasks, document collections, and evaluation metrics more complex [126]. We
suspect that QA has passed unnoticed in the research related to weak baselines
because of the difficulty to find enough studies performed on standard QA
tasks and dataset collections, at least to the extent we have seen in ad-hoc
retrieval. For example, Armstrong et al. [11] and Yang et al. [143] altogether
have compared over 200 ad-hoc retrieval papers that employ the same dataset.
Since QA has a years-long research trajectory [131], it is a common task in
current deep neural IR research [45], and it has not been taken into account in
previous weak baseline research, we include it in our current investigation.

Candidate strong IR baselines. Opposed to weak baselines, strong base-
lines are competitive, mature, and adequately-tuned models [11, 71]. Ideally,
the effectiveness of new proposed models would always be compared to that of
the SOTA models [60], but for practical constraints such as the unavailability of
a public implementation of the required model, this might not be feasible [72].
Past IR literature have proposed different types of IR models as baselines, from
traditional ones generally considered as weak baselines [71, 60] to learning to
rank (LTR) approaches that have been regarded as strong baselines [60]. How-
ever, we have not seen LTR methods proposed as strong baselines for deep
neural IR models; probably because of the need for feature engineering, i.e.
tailoring the features for the particular IR task and dataset.

Unlike previous probabilistic models (e.g. BM25 or language models), LTR
is a machine learning (ML) approach based on the combination of features rep-
resenting the documents as vectors, and also ground truth labels indicating
the relevance relationship between documents and queries [74]. Common fea-
tures combined through the LTR approach include term frequencies and BM25
scores. Other important features are discovered by the means of feature en-
gineering [74]. LTR is precisely a step before deep neural IR. Deep neural
IR models actually aim to learn these kind of relevant features automatically,
easing the feature engineering process which is time-consuming and requires
expert knowledge [82]. In this thesis we propose to examine the effectiveness

2https://www.wikipedia.org/
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of a LTR model, LambdaMART [137], as our candidate for strong baseline for
deep neural IR methods.

Hyperparameter optimization. Several IR models have hyperparameters,
i.e. the settings that control the model’s behavior and are not learnt when the
ranking function is built (e.g. during the training phase of a LTR approach).
Hyperparameters affect the effectiveness of an IR model. It has been previ-
ously established that different hyperparameter values work best for different
datasets [63]. Choosing the right hyperparameter configuration is not a trivial
task. A model can contain several hyperparameters of different types, what can
result in a large and complex configuration search space [54]. Moreover, the size
of the document collection and the complexity of the execution of the IR algo-
rithm could render HPO a time-consuming process [54]. The most conventional
HPO technique, grid search, is not efficient because attempts to explore the en-
tire configuration space in search for the best hyperparameter configuration;
on the other hand, random search might take a long time until it converges
to the best solution [37]. Recently, many HPO studies have been devoted to
overcome these shortcomings with sophisticated techniques Hutter et al. [54].
In this thesis, we employ a HPO method that combines Bayesian optimization
and HyperBand (two recent advances on this field) into one algorithm: BOHB.
BOHB has been successfully applied for optimizing the hyperparameters of com-
plex machine learning models and deep neural networks on large datasets [37],
outperforming previous approaches (for more details, see section 2.5.4). We
also compare BOHB versus random search, a common HPO baseline Falkner
et al. [37].

In the context of weak baselines, the use of HPO presents two advantages:
(1) it is easier to reproduce the results of a model when an automatic open-
source HPO tool is employed, and (2) researchers usually spent a considerable
amount of time and effort to optimized their recently proposed deep neural IR
models; thus, applying HPO to the proposed IR baseline is a step towards a
fair comparison of models [71, 108, 54].

Reproducibility. Craswell et al. [32] and Lin [71] denounce the reproducibil-
ity issues of deep neural IR models. Reproducing research results is key in em-
pirical research to eventually accept the drawn conclusions of previous studies
as facts [96, 93]. Potthast et al. [96] point out several important aspects for
reproducible research in computer science, such as code and data availability,
as well as self-contained papers with sufficient details. The IR community has
made available standard document collections [127, 97] and shared IR toolkits
with several IR models’ implementations (e.g. Anserini [142]) to facilitate IR
research. With this thesis we build more evidence that validates or challenges
the findings of current deep neural IR research.

4



Introduction 1.3 Research objectives

1.3 Research objectives
The aim of this work is to investigate the cases of weak baselines in recent deep
neural IR research, with a focus on four aspects: (1) broaden the weak baseline
analysis to include the QA task from a NLP conference with an IR track, instead
of a pure IR conference; (2) replicate and reproduce the effectiveness results for
recently introduced deep neural IR models and (weak) IR baselines for ad-
hoc retrieval and QA tasks with different datasets, (3) propose a mature LTR
model as candidate strong baseline for these two IR tasks, and (4) optimize
the hyperparameters of the LTR model with a more efficient HPO method.
Consequently, the main research question of this work is:

RQ: Does the effectiveness advantage of new deep neural IR models pro-
posed for ad-hoc retrieval and QA tasks still hold when compared to a
SOTA LTR model with hyperparameter optimization?

1.4 Approach
Our approach to investigate the case of weak baselines in current deep neural IR
research is divided in three parts: (1) exploratory analysis of weak baselines in
recent deep neural IR studies from EMNLP 2018 conference, (2) reproduction of
effectiveness results of most effective deep neural IR model and most effective
weak baseline for an ad-hoc retrieval task and a QA retrieval task, and (3)
application of the optimized LTR baseline to the ad-hoc retrieval and QA tasks.
Figure 1.1 summarizes the steps of our investigation approach.

Proposition of strong baseline3

LTR baseline
deployment

EMNLP 2018: exploratory 
analysis 

Queries and
doc. collection

Code
Preprocessing, IR
models, software
libraries, etc.

IR tasks

1

Evaluation

Reproduction of ad-hoc and QA tasks
effectiveness results 

2

Deep neural
model replication

Weak baseline
reproduction

Figure 1.1: Approach for investigating weak baselines in current deep IR re-
search.

1.4.1 EMNLP 2018: exploratory analysis

Previous weak IR baseline research has focused on premier IR conferences such
as SIGIR or CIKM [11]. In contrast, EMNLP, the conference we examine in
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1.4 Approach Introduction

this work, covers empirical methods applied in different disciplines such as ma-
chine translation, language modeling, IR, among others. This opens the spec-
trum of the weak baseline analysis to non-traditional (IR) tasks and datasets.
We examine the papers from EMNLP 2018 where deep neural IR models and
IR baselines have been applied to identify the characteristics of the IR tasks,
datasets, effectiveness evaluation, reproducibility, and other relevant details.
For each one of these papers we determine how the task at hand is modeled as
an IR task, particularly distinguishing ad-hoc retrieval and QA tasks, as well as
checking which data elements are regarded as queries/questions and which ones
as documents/answers. Statistics about the datasets such as the average length
and standard deviation of documents and queries are collected. Moreover, the
results for the best proposed deep neural IR model and the best weak baseline
are highlighted according to the evaluation metric used in each paper besides
any claim of statistical significance. In contrast to the meta-analyses performed
in [11, 143] that focus in ad-hoc retrieval exclusively, we explore all IR related
tasks where deep neural IR models and weak baselines have been employed3.

For reproducibility purposes, the availability of datasets and code (specially
for newly proposed deep neural networks models), preprocessing steps, and
other details are inspected. The outcome of this exploratory analysis is a list
of papers relevant to our work, suitable for our reproducibility experiments
explained in the next section.

1.4.2 IR effectiveness results reproducibility

In this phase we propose the replication and reproduction of the effectiveness
results for deep neural IR models and weak baselines respectively, for two rea-
sons: (1) confirm the effectiveness results reported for these two types of IR
models, and (2) break the habit of simply copying effectiveness results tables
from previous studies, which is a practice observed in the NLP community [71].
Copying previous results tables is dangerous because new research then fo-
cuses on beating previous effectiveness results instead of the science behind
their fruition [115]. Moreover, simply copying previous table results is in a way
accepting those are facts, without being scrutinized, validated, or challenged.

Our reproduction approach is closely related to that of Potthast et al. [96];
however, it differs in three aspects: (1) we do not re-implement any paper’s
model from scratch, but reuse the resources made available by the authors, such
as code and datasets; (2) Potthast et al. [96] recruited one volunteer for each
paper they reproduced, whereas our work is an individual effort that obliges to
limit the number of papers to reproduce, and (3) we propose the deployment
of a candidate strong IR baseline that is not part of the original paper. Conse-
quently, from the previously identified list of papers suitable for reproduction,
we pick two: one related to ad-hoc retrieval [80] and one related to QA [67].
We choose these two papers because they cover two representative IR tasks, ad-
hoc retrieval and QA [45, 120], the two main IR baselines we encounter in the

3The exploratory analysis we make is the outcome of a joint effort of four members of
the Lambda-Lab at TU Delft: Arthur Câmara, Wanning Yang, Claudia Hauff, and Francisco
Morales (author of this thesis).
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Introduction 1.4 Approach

exploratory analysis (tf-idf, BM25), and because they provide the required arti-
facts to run our reproducibility experiments. The work of McDonald et al. [80]
in particular includes a dataset (Robust04) that lets us establish comparisons
with previous weak IR baseline research.

Subsequently, the reproduction of effectiveness results is split in two cases:
replication of the most effective proposed deep neural IR model and repro-
duction of the most effective weak IR baseline for each task. Following the
terminology from the Association for Computing Machinery (ACM)4, we talk
about results replication when we use the same artifacts that the original re-
searchers employed to obtain their effectiveness results. This is the case for the
deep neural IR models of our selected papers, for which the code and datasets
are available. On the other hand, we refer to results reproduction when the same
artifacts are not accessible and the independent research team has to come up
with their own. We face this circumstance with the weak IR baselines because
their implementations are not provided by the authors of the papers; thus, we
opt to employ an IR toolkit instead.

For our reproducibility approach we follow the same IR model evaluation
pipeline established in each selected paper. Broadly speaking, this pipeline
comprises: preprocessing of queries and documents, IR model execution, and
effectiveness evaluation (see figure 1.2). The preprocessing prepares the queries
and documents before any model is applied. During IR model execution we
respect the hyperapameters set by the papers’ authors, or use default values
if they are not specified. Additionally, five-fold cross-validation is carried out
in the evaluation pipeline of paper [80] for Robust04 exclusively, due to its
relative small size. Cross-validation helps to obtain an stable and confident
estimate of the supervised models’ effectiveness, specially when training data is
scarce [101]; it provides a better approximation of the true error [133]; and also
helps to avoid overfitting [101]. Since our goal is to emulate the same conditions
under the target IR models have been tested, we do not assume other feats, e.g.
hyperparameter optimization, that might distort the reproduced effectiveness
results we get when compared to the effectiveness results reported in the papers.
Finally, each model is evaluated with the same set of evaluation metrics and
the same evaluation tools.

Traditional
baseline

Deep 
neural

Run results

LTR
baseline

HPO CV

1 -----
2 -----
3 -----1 -----

2 -----
3 -----1 -----

2 -----
3 -----

IR model EvaluationPreprocessing

Figure 1.2: IR model effectiveness evaluation pipeline.

4https://www.acm.org/publications/policies/artifact-review-badging
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1.4.3 Candidate strong LTR baseline application and
optimization

This section details how we apply a LTR model as a baseline for the aforemen-
tioned ad-hoc retrieval and QA tasks. Likewise the reproduction phase for the
deep neural IR and weak baseline models of a study, it is necessary to adapt
the LTR model to the same IR evaluation pipeline (see figure 1.2). LTR mod-
els come in three categories: pointwise, pairwise, and listwise. LambdaMART
is the SOTA LTR (pairwise) method we choose as our candidate for strong
IR baseline. Likewise other machine learning approaches, LambdaMART re-
quires to be trained with a set of features and ground truth labels that capture
the documents’ relevance with respect to the queries. Common features are
extracted directly from other ranking models, such as BM25 scores or term fre-
quencies [74], and are combined by LambdaMART to yield better effectiveness
results. In this work we consider the features identified in [74].

Following the advice of Robertson [104] and Lin [71], we employ HPO to
optimize our candidate for strong LTR baseline. We compare two HPO tech-
niques: random search and BOHB. BOHB is a guided method that tends to be
more efficient than RS [37]. HPO and CV affect the IR model execution and
are optional components of the pipeline as depicted in figure 1.2.

1.5 Scientific Contributions
This work builds evidence of the cases of weak baselines in ad-hoc retrieval and
QA, two representative IR tasks in recent deep neural IR research. It also tests
whether the effectiveness advantage of new proposed deep neural IR models over
weak baselines holds when compared to a SOTA LTR baseline. The additional
contributions of this study are:

• A literature survey on recent cases of weak baselines in deep neural IR
from EMNLP 2018.

• An independent reproduction of recent deep neural IR research for the
ad-hoc retrieval and QA tasks.

• A benchmark of two different HPO methods for tuning our candidate for
strong LTR baseline model, including BOHB, a SOTA HPO technique.

• The release of the code accompanying the experiments performed in this
work for reproducibility purposes5.

1.6 Outline
The remainder of this thesis is organized as follows. In Chapter 2, we summarize
the literature related to our work and the key ideas we adopt. Chapter 3
elaborates on the approach of our investigation of weak baselines in current

5https://github.com/fj-morales/investigating
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empirical deep neural IR research. Chapter 4 describes the experiments we
perform to replicate the recent deep neural IR models and to reproduce the
weak IR baselines; it also describes how we deploy and optimize our candidate
LTR baseline, followed by a discussion of the experimental results. In Chapter
5 we present the conclusions for our research and discuss lines of future work.
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Chapter 2

Related Work

The purpose of this chapter is to establish the context in which this thesis is
developed by describing related work. Section 2.1 introduces basic IR concepts,
types of IR tasks, traditional models, and evaluation. Section 2.2 describes
how LTR formulates the ranking problem as a ML problem that depends on
extracted features to learn a ranking function. We briefly review the latest
LTR models, with emphasis on LambdaMART, the SOTA pairwise model we
choose for our experiments in chapter 4. An overview of neural IR is given
in section 2.3, comprising the most common deep neural IR categories and
architectures.

Subsequently, section 2.4 presents the state of affairs regarding weak IR
baselines in current neural IR research, its main issues, and the approaches
that have been proposed to address them. Lastly, section 2.5 surveys the two
HPO mechanisms we compare in this work: random search, and BOHB.

2.1 Information Retrieval

In essence, IR deals with how to satisfy the information’s need of a user by
retrieving a ranked list of documents. For example, a new TU Delft student
might be interested in finding the TU Delft faculty buildings. The student then
submits this query to the search engine from TU Delft website1, which responds
with a list of text snippets ordered by their relevance w.r.t. the user’s query.
These text snippets represent the documents in this scenario. Internally, the
search engine relies on a retrieval model to compute and assign the relevance
score to each document contained in its index. The index comprises all the
documents that might be searched, and can be web pages or other media files
in this hypothetical scenario. Figure 2.1 illustrates the general information
retrieval case2.

1https://www.tudelft.nl/
2A comprehensive introduction to IR and its main concepts is given in [78]
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Figure 2.1: General information retrieval case, adapted from [46].

2.1.1 Tasks

Although an IR task might involve different types of media such as text [104],
image [140], audio [77], or video [62] depending on the user needs, this thesis
deals with text retrieval exclusively, where both queries and documents are
expressed in natural language.

We find several IR tasks in literature: ad-hoc retrieval [24], QA [59], auto-
matic search conversation [45], known-item retrieval [48], passage retrieval [85],
among others. Ad-hoc retrieval and QA are two representative IR tasks that
have been studied by the IR community for more than two decades (ad-hoc
retrieval [11], QA [130]), and are still active research topics (ad-hoc [144],
QA [29]). Therefore, we will focus on these two IR tasks along this thesis,
and we describe them as follows.

Ad-hoc retrieval

Ad-hoc retrieval can be seen as the standard IR task and it has been one of
the main tasks at the Text Retrieval Conference (TREC) [128]. It consists on
retrieving a list of ranked documents (from a large document collection) that
are relevant to an arbitrary user’s query reflecting his information needs [78].
The term ad-hoc means that once the user submits the query to the system,
he or she cannot refine it. Ad-hoc retrieval also presumes that the document
collection does not require frequent addition of new documents, in other words
the collection may be considered static [78, 120]. Since the document is the
minimum unit in the collection to be retrieved, we talk about ad-hoc document
retrieval, the most basic and largely studied form of IR [120]. Queries are typi-
cally made of a few keywords or a phrase written in natural language, while the
document’s body text is longer and spans through several sentences or para-
graphs [82]. This heterogeneity might cause vocabulary mismatch problems [45].
For example, if we search for the word laptop but the documents have only the
term notebook, the query will be unsuccessful [78]. The vocabulary mismatch
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can be addressed with semantic matching at the word or sentence level, but
exact matching is still needed for rare terms [45].

Question Answering

QA consists in returning a piece of text as an answer for a question that has
been formulated in natural language [120]. Questions express well-defined infor-
mation needs, but enclose more information than a list of keywords due to the
syntactic and semantic relationships among the question terms [64]. Common
question types include: factoids, which start with Wh-interrogated words like
What, When, Where, Who, and require a fact in the body text; list, asking to
list/name a set of items; and definition, asking for the definition of a term and
typically starts with "What is" [64]. QA tasks vary from choosing the right an-
swer from multi-answer candidates [103], ranking passages with the answer [98],
or synthetizing the response as a human would do by gathering evidence from
multiple sources [87]. In contrast to ad-hoc retrieval, where the entire docu-
ment is regarded as relevant for the user’s information need, in QA the user is
interested in a concise piece of information holding the right answer [64]. For
instance, the answer for the question: What is the capital of Kosovo? might
be as short as a single word: Prishtina, or a whole sentence like: The capital
of Kosovo is Prishtina [131]. Although questions and answers show less length
heterogeneity and the notion of relevance is clearer, vocabulary mismatch is still
a basic problem in QA. The evaluation of QA systems is also a challenge [45].

We employ terms such as relevance, query, document in general to explain
several IR concepts alongside this thesis, whilst task specific terms like question
and answer are employed when the distinction between ad-hoc retrieval and
QA is needed.

2.1.2 Traditional IR Models

Many IR models have been proposed in the literature [12], and can be catego-
rized as query-dependent and query-independent models [74]. Query-dependent
models judge the relevance of the document with respect to the query (e.g.
Boolean model [78]). On the other hand, query-independent models judge the
importance of documents regardless of the query (e.g. PageRank) [74]. This
thesis deals with query-dependent models only, and more precisely, with IR tra-
ditional models that typically appear as baselines in recent neural IR research.
This includes vector space models, probabilistic models, language models, and
pseudo relevance feedback models. These models predict a relevance degree
of a document w.r.t. a query (e.g. by applying tf-idf weights), in contrast to
boolean models that can only judge if a document is relevant or not. This
relevance degree is useful to generate a list of relevance ordered documents.

This section does not pretend to thoroughly analyze each model, but to
cover their intuitions and main aspects, allowing the reader to understand their
general functioning and differences. LTR and neural IR query-dependent mod-
els are described in sections 2.2 and 2.3 respectively.

13
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We first introduce tf-idf since it is the basic term weighting scheme employed
in combination with many traditional, LTR, and neural IR models.

Tf-idf weighting

An early established and relatively computing-efficient way of judging the rel-
evance of a document with respect to a query term is by counting the number
of occurrences of term t in document d. Thus, the more frequent a term is
in a document, the more relevant the document is. Using term occurrence to
asses document relevance results in a term weighting scheme known as term
frequency, denoted as tft,d [78]. Term frequency ignores the order of terms, for
which is also called bag of words. Highly repeated terms throughout the collec-
tion might hinder the discriminating power of term frequency. To counteract
this effect, the weight of a common term is scaled down by its inverse document
frequency (idf), defined in equation 2.1 [78].

idft = log
D

dft
(2.1)

Here, D represents the total number of documents in the collection and dft

is the number of documents in which term t appears. Thus, if a term is very
rare in the collection, its idf weight will be very high, but very low if the term
is common [78].

Tf and idf are combined in a single term weighting scheme by multiplying
the two values (equation 2.2).

tf-idft,d = tft,d× idft (2.2)

As a result, tf-idf weight is higher when the term is frequent in the document
but uncommon in the collection, and lower when the term seldom occurs in the
document but usually appears in the collection [78]. The tf-idf weight for a
term seen in the collection but not in the current document is set to zero [78].
It is important to note that this is not the only definition of tf-idf, but there
are also other variants that follow a similar principle [114].

Vector Space model

Vector Space model was first introduced by Salton et al. [107] in 1975. This
model consists in representing documents as vectors, with one vector component
for each term seen in the collection [78]. The term order does not influence the
document vector representation, thus it is effectively seen as bag of words. Since
queries can also be expressed as vectors in the same vector space of documents,
queries and documents can be compared by, for instance, cosine similarity.
Figure 2.2, illustrates a two-axes vector space representation of a query q and
document d.

Cosine similarity (equation 2.3) is used to score documents according to how
close they are to the queries in vector space. The numerator in equation 2.3
is the inner product between the query and the document vectors, while the
denominator serves as a length-normalization term to account for the length
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Figure 2.2: Cosine similarity illustrated in two-term axes vector space, adapted
from [78].

difference of two similar documents [78]. Vectors might be binary, i.e. each
vector component is a one or a zero representing the presence or absence of a
term, or it might be weighted by tf-idf [78].

sim(q,d) =
#»

V (q) • #»

V (d)
| #»V (q)|| #»V (d)|

(2.3)

Probabilistic models

IR systems are uncertain about the relevance of a document towards a query [78].
The Binary Independence Model (BIM) uses probability theory as a foundation
to reason about such uncertainty [78]. BIM treats queries and documents as
binary term incidence vectors and assumes that terms are independent of each
other [104]. Although these assumptions are strong, BIM is able to estimate the
probability of a document being relevant to a query and provide a ranked list of
documents in descending order, with the estimated most relevant documents on
top. BIM can be extended to the popular BM25 model [105] by incorporating
term counts and other statistics, as we will see below.

BM25

BM25 stands for best match 25, a family of ranking models firstly introduced
in the Okapi retrieval system by Robertson et al. [105] in 1995. BM25 extends
the BIM model by adding document weights and query term weights [46]. Each
variant of a BM25 model depends on the chosen components and parameters.
A common BM25 instance is shown in equation 2.43 [74].

BM25(d,q) =
M∑

i=1

idfti · tfti,d · (k1 + 1)
tfti,d +k1 · (1− b+ b · dl

avdl )
(2.4)

Equation 2.4 shows the BM25 score of document d for a query q with query
terms t1, ..., tM . We see the familiar term frequency tfti,d of t in d and inverse
document frequency idfti of t weights; dl is the document length and avdl

3Other BM25 models can be found in [104].
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id the average document length in the collection. Additionally, we have the
hyperparameters k1 and b that need to be determined manually or through an
automated process before the IR system is ready for the users. k1 > 0 controls
the contributions of the term frequencies, while 0 ≤ b ≤ 1 is the document
length normalization component; b = 0 means no normalization and b = 1 full
normalization [104].

Language models for IR

Language models for IR (LMIR) lead to effective retrieval functions with less
heuristic design, as opposed to vector space or BM25 models [146]. LMs have
been successfully applied to speech recognition [56] and machine translation [19].
In IR, a language model is a statistical approach that estimates what is the
probability that the query terms are generated from a given document [94].
Then these probabilities serve as relevance scores to rank documents w.r.t.
to the query [146]. One of the first proposed IR language models is query
likelihood, introduced by Ponte and Croft [94]. In general, query likelihood
can be expressed as the conditional probability of a query q given the language
model of document d (equation 2.5).

score(q,d) = prob(q|LMd) (2.5)

In this equation, LMd represents the language model of document d. Differ-
ent retrieval functions can be obtained depending on how the language model
is learned from d [146]. For example, in [94] this function is a Bernoulli model
with the vocabulary words of the language model represented as binary vari-
ables, where a value of one means the presence of a word in a query and zero its
absence [146]. One common approach to learn a document’s language model
is to use a maximum likelihood method [74]; however, it requires some kind
of smoothing to avoid assigning zero probability to unseen words [146]. In
language models it is also possible to relax the strong assumption of term in-
dependence to model some limited dependency with bigram language models,
as in [146]. Zhai [146] covers other forms of language models in more detail.

Pseudo relevance feedback

Considering that it is difficult to infer the user’s intent behind a query, the
underlying idea of relevance feedback is to get some input signal directly from
the user to refine the query [78]. In general terms, the user indicates which
documents he or she perceives as relevant and non-relevant from an initial
ranked list. With this new information, the system refines the query and returns
an adjusted list of documents that better reflects the user’s information need.

Pseudo relevance feedback (PRF) performs the process described above au-
tomatically, i.e. without the user’s intervention. The system performs a first
retrieval round as usual, the top U documents are assumed to be relevant, then
the query is refined according to these documents, and a new list of documents
is generated. This process improves the effectiveness over the queries that do
not perform well in the first retrieval round. However, this improvement comes
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at the risk that the refined query drifts towards the most common topic of the
first round top U documents [78]. Relevance model 3 (RM3) [8] is regarded as
one of the most successful automatic query expansion (QE) models that follows
the PRF idea [30]. QE is effective against the vocabulary mismatch problem
between query and relevant documents [30]. The effectiveness of RM3 depends
on three hyperparameters: the number of feedback documents, the number of
feedback terms, and the weight of the original query (a decimal in the range
[0,1]) [76]. More details about about the formulation of PRF and relevance
models can be found in [65, 49, 76].

2.1.3 IR evaluation

At the beginning of this chapter we pointed out that the purpose of an IR system
is to satisfy the user’s information need by retrieving a set of relevant documents
in ad-hoc retrieval or the correct answer in QA. However, relevance and answer
correctness are difficult to assess. Relevance depends on the perspective of the
user and the situation; thus, it is a subjective concept [78]. For example, a
user looking for the word “cat” on a web search engine might be referring to
the feline or perhaps to the abbreviation of the Caterpillar corporation. On
the other hand, in QA a question might have multiple right answers that vary
in quality [120]. The TREC QA track has had some difficulties setting an
evaluation procedure over different track editions due to the varied types of
questions and answers. For example, it has been restricted to factual questions,
excluding opinions [120]. Moreover, the answer returned by any participant
system has been constrained to be 250 bytes long (approximately a paragraph)
at the beginning, then to 50 bytes (approximately a sentence), and lately to
exact answers [120]. In addition to the answer, the systems had also to return
the supporting document where the answer must be present [120].

Due to these challenges, IR evaluation is needed to measure the effectiveness
of different models applied to ad-hoc retrieval and QA tasks. In the context
of this thesis, IR evaluation allows us to differentiate weak IR baselines from
strong baselines and SOTA models.

The standard approach to IR evaluation compromises three elements: a
document collection, a test set of information needs (expressed as queries or
questions), and a set of relevance (or correct answer) judgments [78]. In large
modern collections, only a subset of the entire document collection is employed
to assess the relevance of every document with respect to each query. This sub-
set is formed with the top U documents returned by a number of IR systems, in
a process known as pooling [78]. Each pair of query-document (question-answer)
in this subset is given a relevant (correct) or non-relevant (wrong) judgment la-
bel, which is known as the gold standard or ground truth [78]. Collecting these
ground truth labels for ad-hoc retrieval and QA tasks is expensive because it
involves humans experts as annotators to assess the relevance or correctness of
each query-document or question-answer pair respectively. This issue has been
acknowledged in TREC ad-hoc retrieval [132] and QA [130] tasks. The effec-
tiveness of an IR system is measured comparing its results against the ground
truth labels in the test collection. However, when the IR models have param-
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eters to tune, we also require a development (also called validation) set apart
from the test set [78].

Standard collections

Due to the highly empirical nature of IR, the use of standard collections has
been recognized as a necessity to evaluate and compare the effectiveness among
models [32]. GOV2 is an example of standard collection for ad-hoc retrieval and
QA tasks [78]. TREC collections are known for the rigorous process of man-
ually judging relevance documents and right answers [120], which has lead to
the construction of high quality but also expensive document collections [126].
TREC collections are also designed with the goal of being reusable for the eval-
uation of future IR systems [120]. Several collections have appeared in the last
years to address both ad-hoc retrieval (e.g. Yahoo! Learning to rank chal-
lenge [27] with 36k queries and 883k documents) and diverse forms of QA(e.g.
MS Marco [87] with 1M questions and 8.8M passages, or SQuAD [98] with
100k question-answer pairs). Although these collections have made their con-
tribution and have encouraged more research in the field, most of them are
not regarded as standard collections [32] and usually resort to crowdsourcing to
build the ground truth labels (e.g. through Amazon Mechanical Turk4) [98, 99].
Building a standard collection for QA is particularly problematic because it is
important to decide what is the collection unit that must be judged [129]. In
ad-hoc retrieval this unit is a document with a unique identifier [129]; however,
in a QA task the minimum unit is the answer string returned by the IR system
and it generally differs among IR systems [129].

Evaluation metrics

Given a test collection with the ground truth judgments, we can compare the
effectiveness of different IR models making use of evaluation metrics. Several
metrics have been proposed in the literature and are problem-dependent [78,
120]. In this section we describe the metrics employed to compare different
IR models in the studies related to weak baselines in neural IR research we
investigate in this thesis.

Precision (P) is defined as the fraction of retrieved documents that are
relevant (equation 2.6) [78]. Precision is a set-based measure that does not
take the ranking position of retrieved relevant or non-relevant documents into
account. In applications where speed is an important factor for user satisfac-
tion, e.g. web search, Precision is reported over the top k retrieved documents
(P@k), instead of the whole list, at the cost of ignoring relevant documents
at the bottom of the list. P@k tends to be unstable and does not average
well. Precision reported at the test collection-level is the average over the set
of queries.

Precision = #(relevant documents retrieved)
#(retrieved documents) (2.6)

4https://www.mturk.com/
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Mean Average Precision (MAP) is a composite measure that generalizes
over different queries [120] which considers the ranking position of relevant
and non-relevant documents. MAP does take the order into account. Firstly,
precision is computed at each point when a new relevant document is retrieved,
with a value of zero if the retrieved document is non-relevant. Secondly, the
average over these precision values for a query is taken. Lastly, the mean over
all queries is calculated. MAP definition is expressed in equation 2.7 where
d1, ...,dmj is the set of relevant documents of a query qj ∈Q and Rjk is the set
of ranked retrieval results from the top result until document dk is retrieved.
MAP has shown good discrimination and stability.

MAP(Q) = 1
|Q|

|Q|∑
j=1

1
mj

mj∑
k=1

P (Rjk) (2.7)

Normalized Discounted Cumulative Gain (NDCG) is popular with
machine learning approaches to ranking [74]. It is designed for cases of multiple
ordered categories, not only binary judgments, and has an explicit position
discount factor [78, 74]. DCG can be computed with a cut-off at the top k
retrieved documents (likewise precision) and the normalization by its maximum
value gives the Normalized DCG metric (NDCG). For a set of queries Q, with
R(j,d) as the relevance judgments given to document d for query j, NDCG is
shown in equation 2.8. It has been argued that NDCG is an stable metric for
the evaluation of document retrieval.

NDCG(Q,k) = 1
|Q|

|Q|∑
j=1

Zkj
k∑

k=1

2R(j,m)−1
log2(1 +m) (2.8)

Mean Reciprocal Ranking (MRR). Given a query q ∈ Q and rq the
position of the first relevant retrieved document for query q, Reciprocal ranking
is denoted as RRq = 1

rq
[120]. MRR is the average of the reciprocal ranking over

all Q queries (equation 2.9). Observe that MRR is not influenced by documents
in lower positions than the first relevant document, which would be the correct
answer in a QA setting.

MRR = 1
|Q|

∑
q∈Q

RRq (2.9)

Accuracy is the measure of choice in classification tasks [78]. IR can be
seen as binary classification of relevant and non-relevant documents. Accu-
racy is defined as the ratio between all the documents that have been correctly
classified as relevant and non-relevant over all the classified documents (equa-
tion 2.10). The contingency table 2.1 is presented to better understand accuracy
and its relationship with relevance in IR. Note that accuracy sees relevant and
non-relevant documents equally regardless their position in the ranked list of
documents, when we already know that to satisfy the user’s information need it
is more important to focus on the position of the relevant documents, as MAP
or NDCG do. As a result, accuracy is not a good measure for relevance because
most documents are non-relevant w.r.t. a query; hence, it would be easier for
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an IR system to classify every document as non-relevant to achieve a higher
accuracy. However, the average accuracy of picking the right answer over a set
of questions is a common metric in QA tasks [120].

Relevant Non-relevant
Retrieved true positives (tp) false positives (fp)
Not retrieved false negatives (fn) true negatives (tn)

Table 2.1: Contingency table

Accuracy = tp+ tn

tp+fp+fn+ tn
(2.10)

The values of the five described metrics range between [0,1]. Other metrics
not discussed in this thesis, such as Recall or the 11-point interpolated average
precision, are described in the works of Manning et al. [78] and Teufel [120].

Ideally, we would like an IR model that considers any of these metrics di-
rectly in the optimization process; however, this is problematic since the metrics
are discontinuous or flat when viewed as functions of the models’ scores [22],
and require sorting by score, which is a non-differentiable operation [137].

2.2 Learning to Rank
In contrast to the previous IR methods that we have seen in section 2.1.2,
LTR is a different approach that models the ranking function as a machine
learning problem [74]. The LTR framework has four components: (1) input
space, comprising the objects under investigation, in this case the documents
represented by feature vectors extracted by different mechanisms; (2) output
space, that contains the learning target corresponding to the input space and
can be a continuous in the space of real numbers or discrete categories; 3)
hypothesis space, defining the functions that map the input to the output space;
and (4) loss function, that measures to what extent the prediction made by the
hypothesis is in line with the ground truth label. In the previous section (2.1.3)
we explained that we need the ground truth labels in the test set to evaluate
an IR model; apart from this, we also require a training set in LTR. Train and
test data sets must come from the same data distribution and contain ground
truth labels to be used with an LTR approach.

LTR methods are ML approaches that learn the optimal way of combining
extracted features from query-document pairs by the means of discriminative
training [74]. All the documents are represented by feature vectors encoding
the relevance of the documents w.r.t. the query. This is, for a given pair of
query q and document d, the feature vector x = Φ(d,q), where Φ is a feature
extraction function. Common feature extractors are retrieval models such as
BM25, where the resulting feature vector is composed by the BM25 scores [74].
The advantage of LTR is that it is able to combine these and many more features
in one model, such that any new advance can be readily incorporated as another
component in the feature vector [74].
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Because LTR algorithms tend to be expensive to run over the whole docu-
ment collection [124] (as well as deep neural IR models [144]), LTR is usually
employed as a second ranking step, or a re-ranking of documents (see figure 2.3).
Often, re-ranking is done over the top N << |D| documents retrieved in the first
ranking step, where |D| is the size of the document collection, . The re-ranking
step returns the top U ranked documents as the final output of the IR system.

Document 
Index

Base Ranker Top Ranker

LTR Algorithm

Query

Features

First step Second step Ranked documents

N docs U docs

u

2
1

Figure 2.3: Generic LTR re-ranking approach, adapted from [26]

Discriminative training is a supervised learning process where training data
is needed [74]. Training data is generated in the same way as test data. It has n
queries and a feature vector for each query-document pair with the respective set
of relevance labels. The next step is to apply a learning algorithm that combines
the features in such a way that it is able to predict the training ground truth
labels according to the loss function [74]. To test the learned model, an unseen
query is fed to the system, the model then sorts the documents according to their
relevance w.r.t. to the incoming query and returns a ranked list of documents.

2.2.1 Unified model formulation

Before start describing specific LTR models, we introduce the unified model
formulation5 proposed in [45] that will serve to understand the commonalities
between LTR models, and generalizes to tasks such as ad-hoc retrieval and
QA [45]. Moreover, the same formulation will be used to study neuralIR in
section 2.3.

Let Q be a query set, representing either queries or natural language ques-
tions, and D the generalized document set, which could be the set of documents
or answers. Suppose that Y = {1,2, ..., l} is the label set, with each label rep-
resenting grades. There is a total order among the grades l � l− 1 � ... � 1,
where � denotes the order relationship. Let qi ∈ Q be the i-th query, Di =
{di,1,di,2, ...,di,ni} ∈ D be the set of documents associated with query qi, and
yi = {yi,1 ,yi,2 , ...,yi,ni ,} be the set of labels associated with query qi, where ni

5We slightly modify the model formulation to fit the notation used in this thesis
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represents the size of Di and yi and yi and yi,j denotes the relevance degree
of di,j with respect to qi. Let F be the function class and f(qi,di,j) ∈ F be a
ranking function which assigns a relevance score to a query-document pair. Let
L(f ;qi,di,j ,yi,j) be the loss function defined on prediction of f over the query-
document pair and their corresponding label. Thus, a generalized LTR problem
is to find the optimal ranking function f∗ by minimizing the loss function over
some labeled dataset as expressed in equation 2.11.

f∗= arg min
∑

i

∑
j

L(f ;qi,di,j ,yi,j) (2.11)

The ranking function f can also be abstracted as equation 2.12

f(q,d) = g(ψ(q),φ(d),η(q,d)) (2.12)

q and d are two input texts, ψ, φ are representation functions which extract
features from q and d respectively, η is the interaction function which extracts
features from the (q,d) pair, and g is the evaluation function which calculates
the relevance score based on the feature representations.

Observe that In LTR approaches, functions ψ, φ, and η are commonly manu-
ally defined feature functions. The evaluation function g can be any ML model,
e.g. logistic regression or support vector machines, to be trained with the data.
Moreover, the inputs q and d are usually raw texts. We will see later that all
functions ψ, φ, η, and g are encoded in network structures such that all of them
are learned from the training data, and the inputs could be either raw text or
word embeddings [45].

2.2.2 LTR approaches

There are three types of LTR approaches that follow the ML scheme and may
vary in terms of their inputs, outputs, learning models, and loss function. These
approaches are: pointwise, pairwise, and listwise [74].

Pointwise approaches address the ranking problem as a standard classi-
fication task or a regression task [74]. These methods expect that each query-
document pair has either a numerical or ordinal associated rank score, or a
relevance label representing one, two, or more labels. In the case of a numerical
score, the goal is to find an ordinary linear model able to predict such score
correctly; in the case of the relevance label, this can be solved with a simple
classifier, such as logistic regression [9]. The pointwise approach does not con-
sider the position of a document in a ranked list, nor makes use of the fact
that some documents are associated with the same query [74]. The general loss
function of the pointwise approach is defined in equation 2.13.

L(f ;Q,D,Y ) =
∑

i

∑
j

L(yi,j ,f(qi,di,j)) (2.13)

Pairwise approaches aim to learn a preference between pairs of docu-
ments instead of an absolute rank, as opposed to pointwise approaches [9].
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Thus, the pair of documents, represented by their features vectors, receive a bi-
nary preference label {+1, -1}. The positive value is assigned to the document
with the highest ranking compared to the other document. This results in a
binary classification problem, which aims to predict those labels, by minimizing
the number of incorrectly ordered pairs. A ranked list of documents is inferred
from the predicted pairwise preference labels [9]. Considering that most met-
rics are position-based, the pairwise approach is not able to capture this type
of information in the loss function [74]. Some pairwise model examples are
FRank [121], SVMRank [57], and RankNet [? ]. equation 2.14 represents the
general loss function of the pairwise approach, where document di,j is preferred
over di,k for query qi (i.e. yi,j � yi,k).

L(f ;Q,D,Y ) =
∑

i

∑
(j,k),yi,j�yi,k

L(f(qi,di,j)−f(qi,di,k)) (2.14)

Listwise approaches operate on the entire list of documents associated
with a query. In contrast to the pointwise or the pairwise approaches, in the
listwise approach a direct loss function is minimized between the ground truth
and predicted ranked lists. This is possible due to the loss function of the
listwise approach is able to accommodate an explicit evaluation metric, e.g.
NDCG, specified by the user. These methods outperform the other two cate-
gories in IR tasks [23]. Examples of listwise approaches are LambdaRank [23],
ListNet [25], and AdaRank [139]. Most listwise approaches follow the loss func-
tion in equation 2.15, where Di is the set of candidate documents for query
qi.

L(f ;Q,D,Y ) =
∑

i

L({yi,j ,f(qi,di,j)|di,j∈Di}) (2.15)

2.2.3 Feature extraction

One of the advantages of the LTR approach over traditional IR methods is the
ability to combine the outcomes of multiples rankers into a single model with
higher effectiveness than its individual constituents [74]. This is possible when
features are extracted from each ranker (e.g. BM25 scores) and concatenated
in feature vectors that are fed to the LTR model. Features are not limited to be
the outputs of other rankers, but can also be other document representations
that encode the relevance of the document with respect to the query, such as the
tf and idf values [74]. In most scenarios it is not feasible to extract features for
all the documents in the corpora, but only for a reduced number of documents
that have been highly ranked previously [74]. Consider figure 2.3, the first
ranking step may be performed via BM25 to retrieve the top N documents, and
it is only for these N retrieved documents that features are extracted.

A comprehensive list of extracted features are presented in [97] and are
roughly categorized as: low-level content (tf, idf, document length or their com-
binations), high-level content (outputs of BM25, LMIR, and LMIR variants),
hyperlink (PageRank [89], HITS [61], and their variants), and hybrid features
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(content plus hyperlink information). Hyperlink, HITS, and their variants are
web-specific features.

2.2.4 LambdaMART: a state-of-the-art LTR model

Many LTR models have been proposed in the IR literature [6]. Among them,
LambdaMART is a pairwise LTR model built on top of precedent IR and ML
research ideas into a model with high effectiveness that has been able to out-
perform other LTR approaches and traditional IR models in general [21, 45].
LambdaMART has been considered a SOTA model before the application of
deep neural networks in IR [137]. Consequently, LambdaMART is the model
we choose as our candidate for a strong IR baseline model in this thesis. We
give an overview of LambdaMART and its main characteristics as follows.

LambdaMART [137] takes advantage of two different models: MART [40]
and LambdaRank [23]. MART (Multiple Additive Regression Trees) is a gra-
dient boosted tree algorithm that sees the cost C as a function of the model
output (i.e. function F), this is C = C0 + ∂C

∂F δF . As in ordinary gradient de-
scent, the model reduces the cost by choosing δF ∝ −∂C

∂F for a suitable step
size. Given that the gradient ∂C

∂F cannot be evaluated everywhere, but only at
the training data points, the trees allow to estimate a smooth regression to the
gradients at any point. Each tree in MART can be practically considered as
a small step δF in function space, where the step size turns into the weight
associated to that tree. Trees in MART are built as standard regression trees
and the best split is calculated with the least square error6 [137].

LambdaMART directly optimizes the desired IR evaluation metric, in this
case NDCG [137], by employing the idea of λ-gradients, introduced by the
LambdaRank model [23]. NDCG cost function is either non-continuous or
flat everywhere. To overcome this issue, LambdaRank uses the so-called λ-
gradients, which are an approximation to the cost gradients. For a ranked set
of documents associated with a given query during model training, a particular
document is assigned a scalar λ-gradient value calculated with contributions of
all the pairs of documents in which this document is a member, and for which
the second member of the pair has been generated for the same query but has a
different label. Consequently, the λ-gradient associated with a particular doc-
ument depends both on its own position in the sorted list as well as the other
documents’ positions. This λ-gradient results from the multiplication of two
factors: 1) RankNet’s pairwise cost function, and 2) the NDCG variation result-
ing from exchanging the document pair positions, ∆NDCG. RankNet’s pairwise
cost function only considers information at the pair level, while ∆NDCG adds
information about the whole query structure and the IR evaluation measure.
Following this formulation, LambdaRank has been able to optimize other IR
metrics such as MAP or MRR by simply replacing NDCG with the new target

6A coherent explanation of standard regression trees and the least square error is given
in [22].
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metric [35]. The λ-gradients may be expressed as in equation 2.16

λij ≡ Sij

∣∣∣∣∣∆NDCG
∂Cij

∂(si−sj)

∣∣∣∣∣ (2.16)

Here, si and sj are the ranking scores for a pair of documents for a given
query (where s = F (x)), Cij is the cross-entropy cost (equation 2.17), and
∆NDCG is the NDCG gained when the two documents have been swapped
(after all documents were ordered by their scores), and Sij ∈ {+1,−1} is the
positive value if document di is preferred over dj , and the negative if dj is
preferred instead.

Cij ≡ C(si−sj) = sj−si +log(1 +esi−sj ) (2.17)
We sum up LambdaMART in Algorithm 1 [22], where the number of trees

T (also named boosting operations), the number of leaves per tree K, and the
learning rate (or shrinkage coefficient) ρ, are user-defined parameters; while
the number of training samples m is the size of the training dataset split. The
scores F0(x) can be initialized with a BaseModel(xi) for model adaptation [137],
otherwise the scores are set to zero. During training, T rounds of boosting
stages (trees) are performed, with a regression tree built and trained on all
documents for all queries at each boosting stage.

Algorithm 1 LambdaMART algorithm(taken from [22])
1: set number of trees T, number of training samples m, number of leaves per

tree K, learning rate ρ.
2: for i= 0 to m do
3: F0(xi) = BaseModel(xi) //If BaseModel is empty, set F0(xi) = 0
4: end for
5: for j = 1 to T do
6: for i= 0 to m do
7: yi = λ //Calculate λ-gradient for sample i
8: wi = ∂yi

∂Fj−1(xi) //Calculate derivative of λ-gradient for sample i
9: end for

10: {Rkj}Kk=1 //Create K-terminal node tree on {xi,yi}mi=1

11: γkj =
∑

xi∈Rkj
yi∑

xi∈Rkj
wi

//Assign leaf values based on Newton step

12: Fj(xi) =Fj−1(xi)+ρ
∑

k γkj1(xi ∈Rkj) //Take step with learning rate
ρ

13: end for

Limitations. Based on the pairwise RankNet cost function, LambdaMART
cannot encode information about the position of all the documents in the ranked
list, but only the pairwise relative preference of one document over another, in
contrast to listwise approaches (see section 2.2.2. Additionally, working with
the ML framework, LambdaMART requires the crafting of the IR features as
a preprocessing step.
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2.3 Neural IR

In the last years there have been dramatic improvements in several fields such
as computer vision, speech recognition, and machine translation that have been
possible thanks to the recent advances in deep neural networks plus the avail-
ability of large datasets [83]. The IR community has also started applying
deep neural networks to move the state of the art forward and possibly achieve
performance breakthroughs comparable to the other fields. This has led to an
increase in the the number of studies related to deep learning in IR (see fig-
ure 2.4). In this section we examine the main characteristics of deep neural IR
and the common architectures we can find in recent research. For a compre-
hensive introduction to neural IR, we recommend the works of [83], and [45].
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Figure 2.4: Percentage of neural IR papers at the ACM SIGIR conference,
determined by manual inspection of the papers, copied from [83].

2.3.1 Deep neural IR

According to [83], neural IR is defined as the application of shallow or deep
neural networks to IR tasks. This can be done to learn query or document
representations, match query and document representations to estimate the
relevance of the document w.r.t. the query, or a combination of both. Shallow
neural IR approaches usually depend on hand-crafted features to achieve good
effectiveness. Such is the case of RankNet [20], a LTR pairwise approach, in
which a shallow neural network is employed to build the ranking function. On
the other hand, deep neural IR approaches have the capacity to learn good
features directly from the raw query and document texts besides the relevance
estimation function [45]. Following the unified model formulation we introduced
in section 2.2.1, this means that deep neural IR approaches can learn the func-
tions ψ(q) (query representation), φ(d) (document representation), and η(q,d)
(query-document pair feature extraction function), instead of requiring them
to be manually defined [45]. In deep neural IR approaches, we could use raw
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query and document texts or word embeddings7 as a basic input layer, before
the application of ψ, φ, and η [45].

2.3.2 Model architectures

Deep neural IR architectures can be split in different categories [83, 45]. Here,
we briefly describe the architecture types distinguished by Guo et al. [45], which
are divided in three groups: symmetric vs asymmetric, representation-focused
vs interaction-focused, and single-granularity vs multi-granularity architectures.
Notation is in accordance with the unified model formulation of section 2.2.1,
where the relevance is computed by a function g over the representation func-
tions of the query (φ(q)), the document (ψ(d)), or the interaction representation
between them (η(q,d)).

Symmetric vs asymmetric architectures

Symmetric architectures assume that the query and document are homo-
geneous (e.g. QA with natural language short texts); changing their positions
in the input layer does not affect the final output. Symmetric architectures
can be further split in: siamese networks and symmetric interaction networks.
Siamese networks encode the query and document representations through the
same function (i.e. ψ = φ), for example with two identical multi-layer percep-
trons (MLP) (as in the Deep Structured Semantic Model, DSSM [52]) or two
identical long-short term memory networks (as in LSTM-RN [90]). Symmetric
interaction networks make use of a symmetric interaction function η for input
representation. For instance, Arc-II model [51] computes the similarity between
every n-gram pair from query and document.

Asymmetric architectures presume that query and document are hetero-
geneous (e.g. short query and long document in ad-hoc retrieval); hence, they
are processed with asymmetric structures. If the query and the document ex-
change positions in the input layer, the final output differs completely. Asym-
metric architectures with the heterogeneity between the query and the docu-
ment by the means of three strategies: (1) query split, which considers the query
made of keywords to be matched against the document (e.g. Deep Relevance
Ranking Model -DRRM- [44]); (2) document split, where the documents are
divided into passages that might be relevant to the query instead of the whole
document, for instance HiNT model [39]; and, (3) joint split, that combines
the two previous assumptions, with DeepRank [91] and PACRR [53] as repre-
sentative models. For QA, another popular strategy is the one-way attention
mechanism, which highlights candidate answer words based on the query repre-
sentation to enhance the answer representation (e.g. IARNN [135]). Figure 2.5
depicts the asymmetric architecture strategies.

7Word embeddings are word vector representations produced by models like
Word2Vec [81].
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Figure 2.5: Neural asymmetric architecture strategies, adapted from [45].

Representation-focused vs interaction-focused architectures

Depending if the representations are learned independently, i.e. through func-
tions φ and ψ, or jointly, i.e. through an interaction function η, we have
representation-focused or interaction-focused architectures (see figure 2.6):

Representation-focused architectures assume that relevance depend on
the semantics of the input texts [45]. These architectures model complex rep-
resentation functions φ and ψ with deep neural networks, but no interaction
function η. The high-level representations obtained are matched with a less
complicated function (e.g. cosine similarity) to assess the relevance score.
Representation-based architectures include: (1) fully-connected networks, such
as DSSM; (2) convolutional networks, where the high-level representations for
q and d are produced by applying 1D convolutional layers and max pooling lay-
ers to the input texts, as in the ARC-I model [50]; and, (3) recurrent networks,
with e.g. one-directional [90] or bi-directional [134] LSTMs, in which the top-k
strong signals from both high-level representations are matched via a MLP to
determine the relevance score. Representation-focused architectures are more
appropriate for tasks with short input texts.

Interaction-focused architectures adopt the idea that it is more effective
to compute relevance out of the relationships between the input texts rather
than their individual representations, i.e. these models define a function η(q,d)
instead of the representation functions φ and ψ. The matching function g be-
comes more complex and thus is modeled with deep neural networks too [45]
to calculate the relevance score. Two categories of interaction functions are
distinguished: (1) non-parametric interaction functions, which measure the dis-
tance among inputs without parameters to learn, some are computed between
each pair of input vectors (e.g. cosine similarity [141]) and others over an in-
dividual word vector and a group of word vectors (e.g. matching histogram
mapping of DRMM [44]); and (2) parametric interaction functions, that learn
the similarity function from the data when there is enough data for training
(e.g. Arc-II learns the interaction between two phrases through a 1D convolu-
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tional layer [51]). Interaction-focused architectures suit most IR tasks, as they
fit better specific matching patterns (e.g. exact word matching) or adapt to
heterogeneous inputs [45].
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(b) Interaction-focused

Figure 2.6: Representation-focused and interaction-focused architectures,
adapted from [45].

Single-granularity vs multi-granularity architectures

Single-granularity architectures assume that relevance estimation requires
only the high-level representations from the functions φ, ψ, and η; thus, the in-
put texts are only streams of words or word embeddings from which no other
type of language structure is extracted. This is a basic idea that several models
adopted, e.g. DSSM, DRMM, ARC-I, among others.

Multi-granularity architectures rely on multiple levels of abstraction or
diverse language units of the inputs to estimate relevance. There are two types
of multi-granularity: vertical and horizontal. Vertical multi-granularity exploits
the hierarchical structure of deep network to extract features at multiple levels
of abstraction, for example MACM model [88] aggregates the layer scores of its
convolutional neural network with MLP to compute the final relevance score.
Horizontal multi-granularity considers that relevance is better estimated when
the inherent structures of language present in phrases or sentences are taken
into account instead of isolated words. The inputs for these models are then
extended to n-grams, phrases or sentences, where single-granularity is applied
individually and the results are aggregated to compute the final relevance score.

The two types of multi-granularity architectures are shown in figure 2.7.
They are expected to perform better on ad-hoc and QA tasks, but are more
complex models at the same time [45].

2.4 Weak baselines in deep neural IR
IR heavily relies on empirical methods where it is common practice to compare
the effectiveness of new models versus the bar set by previous ones, also called
baselines, for a given combination of IR task, document collection, and set
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Figure 2.7: Multi-granularity architectures, adapted from [45].

of evaluation metrics (as explained in 2.1.3). In section 1.1 we have already
mentioned the risks that weak baselines in IR pose to current deep neural IR
research such as progress stagnation or reproducibility issues. Nevertheless,
the problem of weak baselines in IR is not new [11]. Throughout the years,
researchers coincided on the need of carrying out meta-analyses [11, 60, 143],
proposed [11, 60, 71, 143] and encouraged [41] the use of strong baselines, as
well as relying on IR toolkits and standard document collections that facilitate
further comparisons. While surveying the literature we not only noticed that
the problem of weak baselines is indeed prevalent in ad-hoc retrieval, but also
that, as a community, we lack the knowledge about the state of affairs with
weak baselines regarding other IR tasks. Next we give an overview of the issues
of weak baselines and the approaches that have been followed to address them.

2.4.1 Issues

The main issues we identify in the IR literature concerning weak baselines
are: ad-hoc retrieval progress stagnation, weak baseline selection bias, and
reproducibility.

Ad-hoc progress retrieval stagnation. A decade ago, Armstrong et al.
[11] made a worrying observation about the state of progress in ad-hoc re-
trieval. After scrutinizing all the ad-hoc retrieval papers present in the premier
IR conferences SIGIR and CIKM from 1998 through 2008, they reached to the
conclusion that there is no upward trend in effectiveness in ad-hoc retrieval de-
spite many studies that claim (statistical significant) improvements. This lack
of progress is attributed to the use of under-performing baselines that do not
contain the latest discoveries in the field, what they called weak baselines. Arm-
strong et al. [11] warned the IR community to avoid their use. Ten years
later, Lin [71] hypothesized weak baselines should be non-existent or very diffi-
cult to find in current IR research. However he showed two easy-to-find papers
containing cases of weak baselines in recent studies. Following this trace, Yang
et al. [143] performed the same analysis as [11], but in an updated period, from
2005 through 2019, and confirmed that weak baselines are still present in IR
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and no upward trend is evidenced. Figure 2.8 shows the MAP results found
by Armstrong et al. [11] on TREC-8/7 and Yang et al. [143] in TREC Ro-
bust04 collections (Robust04 for short) . It clearly shows how baselines and the
accompanying new models are positioned below the best known runs within
the analyzed periods. Examples of weak baselines include BM25 or tf-idf mod-
els [71, 143]. These models are decades old, do not include new discoveries in
the field, and usually under-perform when compared to other IR approaches
such as LTR [60].
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Figure 2.8: Published MAP scores for ad-hoc retrieval on TREC collections
from 1998 through 2019.Baselines and new proposed models are connected by
solid lines. (a) and (b) are copied from [11] and (c) from [143].

Weak baseline selection bias. Armstrong et al. [11] noticed that many pa-
pers lacked enough comparison and reference to the best runs for a determined
dataset. They suspected that weak baselines might be purposely being selected
and compared with new techniques because it is easier to beat them, show sta-
tistical significant improvements over them, and readily have favorable results
that are more likely to be published. A similar situation is observed more re-
cently by Sculley et al. [108] in other empirical fields such as ML and NLP. This
selection bias towards weak baselines is one of the risks Lin [71] warns the IR
community to be aware of in current deep neural IR research, where the hype
that surrounds deep learning could lead to pick non-competitive baselines. This
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unveils a research culture that rewards wins over the pursue scientific knowl-
edge, which lets us understand not only the strengths but also the weaknesses
of the proposed models [108].

Reproducibility. Only knowing what are the best performing baselines and
having the intention to use them might not be enough. Researches also face
difficulties at the moment of reproducing someone else’s models to use them
as baselines. Some would re-implement a paper’s model from scratch, which
would be error-prone due to bugs in the code or missing details in the orig-
inal paper (e.g. preprocessing steps, parameter settings, or software library
versions) [96]. This is the less attractive alternative for reproduction because
it consumes time that might be better spent on developing new models [73].
Another alternative is that researchers also share working implementations of
their models. However, authors may be reluctant to share their software be-
cause of the time needed to polish their code, give support, or due to intellectual
property constraints [117]. As a consequence, the best baseline for a given IR
task and document collection might not be available and researches would have
not other option than to resort to a less effective baseline. We suspect this is
the case in [71] and [143]. Both studies identified two of the most effective IR
models in terms of MAP score for ad-hoc retrieval on the Robust04 dataset:
entity query feature expansion [33] and reciprocal rank fusion [31], but Lin [71]
and Yang et al. [143] ended up employing a less effective model (BM25+RM3),
available in the Anserini IR toolkit. We speculate they made this decision be-
cause neither [33] nor [31] are accompanied with a public implementation of
their models.

2.4.2 Addressing approaches

There have been several approaches in IR literature to address the issues with
weak baselines described before. These include: meta-analyses [11, 60, 143],
proposition of strong baselines [71, 143], and reproducibility guidelines mostly
related with the implementation of strong baselines [11, 71, 73, 60, 143].

Meta-analyses. The weak baseline analyses performed by Armstrong et al.
[11], Kharazmi et al. [60], and Yang et al. [143] have examined more than 200
ad-hoc retrieval papers spanning over more than two decades, covering different
types of IR models, ranging from traditional, LTR, and deep neural IR methods.
They form the largest evidence about the status of weak baselines in ad-hoc
retrieval. Here the focus is on collecting evidence about the scores obtained by
baselines, new proposed models, and best runs. Armstrong et al. [11] are the
first to conduct this type of analysis and advocate for more rigorous standards
in empirical IR research to prevent weak baselines. In particular, Armstrong
et al. [11] introduced the hypothesis of additive improvements. According to
this hypothesis, the improvements introduced by a new model C, which are
(statistically) demonstrated over a weak baseline A, would be considered mean-
ingful only if they also happen to be improvements over a strong baseline B.
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Later, [60] and [143] continued with similar meta-analyses and testing the ad-
ditive hypothesis with models from different points in time. [60] conclude that
measuring statistical significant improvements over weak baselines is not a good
predictor of similar improvements over strong baselines. Yang et al. [143] also
examine several deep neural ranking models and find that only DRMM was
able to improve over a strong baseline.

Accessible baseline registers. Armstrong et al. [10] built an online sys-
tem named EvaluatIR [10]. Its purpose was to register the best effectiveness
results achieved in IR tasks across standard collections as well as the evalu-
ation metrics used, such that researchers, reviewers, and readers could easily
find the models and compare them. Unfortunately such repository is not active
anymore, apparently it did not gained traction among IR practitioners [71].
Moreover, Lin [71] acknowledges that the NLP community, for instance, actu-
ally keeps a record of their best performing models with leaderboards which is
useful to keep track of the state-of-the-art in the NLP community.

Strong baselines are generally described as competitive models that contain
the latest discoveries in IR [11] and are adequately tuned [71] (more details in
section 2.5); thus, strong baselines should be preferred to weak baselines in
order to show the improvements of newly proposed models. For example, Lin
[71] and [143] recently used the combination of BM25+RM3 as a strong model,
due to the maturity of RM3, and showed that the combined model outperforms
not only BM25 but also some current deep neural IR models such as DSSM.
Table 2.2 summarizes the results obtained by Lin [71] and Yang et al. [143]
for the ad-hoc retrieval task on the Robust04 dataset. In contrast, Kharazmi
et al. [60] determine that LTR approaches (with a pool of features) are stronger
baselines for ad-hoc retrieval than other techniques, including BM25, LM, QE,
among others. Kharazmi et al. [60] are also of the opinion that new techniques
should not be compared with anything less than the SOTA models; however,
this might not be feasible due to reproducibility issues and constraints. Of note,
a new study from the NAACL8 [41] showed that reviewers actually regard the
lack of strong baselines as a weakness in recently submitted papers, which
signals a positive change in the tendency of publishing wins.

Reproducible baselines. For reproducible research in IR, most researchers
recommend to use an open-source IR toolkit and standard collections [11, 71].
IR toolkits such as Indri, Anserini, or RankLib9 provide ready-to-use imple-
mentations of several known IR models that, in most cases, are well-debugged
thanks to active user communities. However, a model varies across implemen-
tations due to differences in tokenization, stemming, stopwords, and so on [71].
Of note, the open-source reproducibility challenge [73] aims to become an ac-
tual IR baseline repository with the goal of reproducing the submitted runs
for a given collection; thus, going goes the leaderboard proposed in [10], which.

8https://naacl2019.org/
9https://sourceforge.net/p/lemur/wiki/RankLib/
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Condition MAP P@20 NDCG@20

2-fold results from Paper 1
Paper 1 QL baseline 0.2499 0.3556 -
Paper 1 best proposed neural variant 0.2971 0.3948 -
Lin’s QL 0.2496 0.3543 -
Lin’s BM25+RM3 (joint) 0.2973 0.3871 -
Yang’s BM25+RM3 0.2987 - 0.4398
Yang’s BM25+RM3+DRMM 0.3126 - 0.4646

5-fold results from Paper 2
Paper 2 BM25 baseline 0.2380 0.3540 -
Paper 2 best proposed neural variant 0.2720 0.3860 -
Lin’s BM25 0.2528 0.3598 -
Lin’s BM25+RM3 (independent) 0.2991 0.3901 -
Yang’s BM25+RM3 0.3033 - 0.4514
Yang’s BM25+RM3+DRMM 0.3152 - 0.4718

Best run at TREC 2004 Robust (pir-
cRB04t3) [127]

0.3330 - -

Best reported result (Reciprocal rank
fusion [31])

0.3686 - -

Table 2.2: Results of the experiments with weak baselines, deep neural IR
models, and strong baselines, presented in [71] and [143].

Standard document collections are also important for reproducibility, otherwise
even if the models are the same the effectiveness results would differ. Data splits
(e.g. train, test) and cross-validation folds should also be the same to have com-
parable results [71, 143]. As an illustration of how sensitive is the matter of
reproducibility, we refer to the MAP scores for the BM25+RM3 model by Lin
[71] and Yang et al. [143] in table 2.2. Both research teams carefully aim
to reproduce the different models’ scores using the same settings, including:
preprocessing steps (tokenization, stemming, etc.), IR toolkit, cross-validation
folds, among others. In spite of all these precautions, there are still noticeable
variations. According to Yang et al. [143], this discrepancy is due to improve-
ments in the code10. Other approaches for reproducible research are based on
software containers like Docker11 that enable portability and better software
versioning control, among other advantages [17].

2.4.3 Current cases of weak baselines in deep neural IR
research

Gao et al. [41] and Lin [71] point out the existence of weak baselines cases in
current deep neural IR research after the admonishments of Armstrong et al.
[11]. Based on this trace, we take a look at the papers published at the last

10We assume Yang et al. [143] refer to improvements to Anserini’s source code.
11https://www.docker.com/

34

https://www.docker.com/


Related Work 2.5 Hyperparameter Optimization

edition of the Empirical Methods in Natural Language Processing [7]. EMNLP
is an influential conference on empirical studies regarding IR, QA, dialog sys-
tems, machine translation, and other NLP related topics [2]. Its last edition
received 2231 submissions and accepted more than 550 research papers [5]. In
this conference there is a mix of traditional and non-traditional IR tasks. Our
team found thirteen papers comparing deep neural models to IR baselines such
as BM25 and tf-idf. These baselines fit the description of weak baselines we
presented in section 1.1. In particular, a paper [80] employs a BM25 baseline
on the Robust04 with a low MAP score of 0.272 compared to the best TREC
run score of 0.333 [132] (see section 2.4.1). Table 2.3 summarizes our findings.

Paper IR Task IR baseline

[80] Ad-hoc retrieval BM25
[68] Ad-hoc retrieval BM25
[112] Question similarity BM25
[43] Question similarity tf-idf
[92] Ad-hoc retrieval tf-idf
[28] Keyphrase generation tf-idf
[67] QA tf-idf
[36] QA tf-idf
[109] QA tf-idf
[79] Automatic conversation tf-idf
[119] Reading comprehension tf-idf
[95] Fact extraction tf-idf
[66] Fact checking tf-idf

Table 2.3: Weak IR baselines compared to recently proposed deep neural IR
models found in EMNLP 2018.

2.5 Hyperparameter Optimization

Hyperparameters are the settings of a model that control its behaviour, ren-
dering it less or more effective depending on the chosen hyperparameter values
and the target dataset [54]. Different types of models include hyperparameters.
For example, we have already seen that BM25 depends on b and k1 (section
2.1.2) or LambdaMART on K, ρ, and T (section 2.2.4). Moreover, the hy-
perparameters placed in ML models, such as the regularization parameter in
Support Vector Machines (SVM), help the model to generalize better across
datasets and avoid overfitting [138]. We also find hyperparameters in (deep)
neural network models, the learning rate or the number of hidden layers, for
instance [54]. Choosing the best hyperparameter values for a given model and
dataset is not a trivial problem [13]. This problem is known as hyperparameter
optimization (HPO) or hyperparameter tuning, and it has been attempted both
manually and automatically in past research [54]. HPO is commonly performed
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in a separate process from ML and DL model’s weights learning or training,
and with a distinct data split (the validation split) to avoid overfitting [54].

With the increasing complexity of ML models and their many hyperparme-
ters [54], HPO is recommended as a standard practice in empirical research (e.g.
ML, NLP), specially when different models are subject of comparison [108].
HPO prevents unfair model comparisons12, where the parameters of newly-
proposed models are highly optimized (e.g. deep neural models), while base-
lines are used in their vanilla forms [108]. Therefore, we recognize that it is
important to perform appropriate hyperparameter-tuning13 of a model to build
a competitive, strong baseline as stated in the preceding section.

HPO is useful but far from trivial. Next we present a brief formulation
of the HPO problem and the main challenges it faces. Then, we review three
HPO techniques we cover in this thesis, namely: grid search and random search
which are two basic but widely used techniques [13], and Bayesian Optimization
HyperBand (BOHB) [37], an effective state-of-the-art method that outperforms
the former techniques. For more details on the Bayesian Optimization frame-
work, we refer the reader to [113] and for recent advances and techniques on
HPO to [54].

2.5.1 Problem statement and challenges

The HPO problem is defined as follows [54]. Let A denote a (ML) algorithm
with J hyperparameters. The domain of the j-th hyperparameter is represented
by Xj and the entire hyperparameter configuration space by X = X1×X2×
...XJ . A vector of hyperparameters is denoted by x ∈X, and Ax is an instance
of algorithm A with the specific set of hyperparameters x.

A hyperparameter domain can contain real values, integer values, binary
values, categories, and also supports conditionality (i.e. meaning that a hy-
perparameter is relevant only if other(s) hyperparameter(s) take(s) a given
value) [54]. In the context of this thesis, we deal with real and integer hy-
perparameter domain values exclusively.

Then, the performance of a ML algorithm can be modelled as a (loss14)
function f : X−→R of its hyperparameters x. Thus, we aim to find the optimal
set of hyperparameters x∗, according to equation 2.18. It is important to note
that we evaluate f(x) on a validation (development) data set different from
the training data set to avoid overfitting [74], usually with a hold-out or cross-
validation protocol [16].

x∗ = argmin
x∈X

f(x) (2.18)

In general, we assume that we can access f(x) plus some noise ε, this is, we
observe y(x) = f(x) + ε [37].

12Whenever open HPO tools are available.
13This contrasts with the practice of employing the default parameter values of a particular

model implementation without acknowledging that different datasets require different settings
to achieve higher effectiveness [63].

14Considering an IR evaluation metric such as MAP, the loss function results from sub-
tracting the MAP score from one L = 1 − MAP .
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HPO presents various challenges, including: large and complex hyperparam-
eter configuration spaces, as well as functions that are expensive to evaluate [54].
The hyperparameter configuration space could be large (i.e. millions of con-
figurations to try), high dimensional (multiple hyperparameters), and contain
heterogeneous hyperparameter domains (different types of hyperparameters).
For instance, the combined model BM25+RM3 proposed in [71] has five hyper-
paramters: k1, b, and the weight of original query are real positive values, the
number of feedback documents and the number of feedback terms are integer
positive values. The ranges and resolution defined for those hyperparameters
in [71] account for twenty million different hyperparameter combinations. On
the other hand, The HPO process is guided by a loss function which result is
obtained after following an evaluation pipeline. This pipeline can grow in com-
plexity depending on the number of steps it comprises and where the hyperpa-
rameters to tune are involved (in an IR setup, we expect the hyperparamters to
be involved in the retrieval phase, but they could also appear in other steps such
as the indexing phase if we consider the use of stopwords as a binary hyperpa-
rameter for example). Additionally, the size of the dataset also influences the
amount of resources needed to accomplish the function evaluation [54]. Below
we introduce two basic HPO techniques: grid search and random search, and
describe how they address these challenges.

2.5.2 Grid search

Grid search is the simplest HPO method. The user has to define a set of values
for each hyperparameter. Grid search evaluates each hyperparameter combina-
tion among those sets. The number of function evaluations grows exponentially
with the number of hyperparameters and, substantially, by increasing the dis-
cretization resolution of the hyperparameter values [54]. Despite these short-
comings, grid search is easy to implement, its parallelization is trivial, and is
reliable in low dimensional spaces [13].

2.5.3 Random search

Random search samples random configurations until a search budget is con-
sumed. Random search enjoys the same benefits of grid search, but in addition,
it is able to get better results when some hyperparameters are more important
than others [13]. If the budget is limited to a fixed number of function eval-
uations B, and the number of hyperparameters is N, grid search could afford
to evaluate only B1/N different values for each hyperparameter, while random
search would explore B different values. Figure 2.9 illustrates a case of nine
optimization trials, both with grid search and random search, where random
search hits more points of the important parameter than grid search (this being
the rule more than the exception, according to Bergstra and Bengio [13]). A
further advantage of random search is its flexible resource allocation, i.e. since
every search trial is independent from each other, search trials can be run asyn-
chronously, new random trials can be added on the fly, and if one trial fails, it
can be abandoned, all of this without affecting the search design [13].
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Figure 2.9: Comparison of grid search and random search for minimizing a
function with one important and one unimportant parameter., copied from [54].

With enough resources, random search would find a hyperparamter configu-
ration close to the optimum [54]. Moreover, combined with more sophisticated
approaches, it serves to initialize the search process [54]. Notwithstanding all
the benefits of random search, it usually takes longer than guided searches [54].
In the following section we introduce the Bayesian Optimization HyperBand
(BOHB) algorithm, a guided HPO approach.

2.5.4 Bayesian Optimization HyperBand

BOHB is a SOTA guided HPO method that searches for the next hyperpa-
rameter configuration based on the already seen configurations and the loss
with respect to a target metric that they present [54]. BOHB outperforms grid
search, random search, and other methods in problems such as high-dimensional
toy functions, SVM, feed-forward neural networks, Bayesian neural networks,
deep reinforcement learning, and convolutional neural networks [37]. BOHB is
built upon the Bayesian Optimization framework which grants it fast conver-
gence to optimal configurations and the bandit configuration of an algorithm
named HyperBand, which gives BOHB strong anytime performance. We first
overview the two underlying strategies of BOHB and then highlight the relevant
characteristics of the resulting BOHB algorithm.

Bayesian optimization (BO) is a framework for the global optimization
of expensive functions [54]. It has been successfully applied to HPO, achieving
SOTA results in deep neural network settings [116]. BO is an iterative algorithm
based on two components: a surrogate probabilistic model p(f |D) and an acqui-
sition function a(x) [54]. The surrogate model represents the objective function
f based on the already observed data points D = {(x0,y0), ...,(xi−1,yi−1)}. In
each iteration BO performs three steps: (1) pick the hyperparameter point xnew

that maximizes a(x), i.e. xnew = argmaxx∈Xa(x); (2) evaluate the objective
function ynew = f(ynew)+ε; and, (3) append the new data point )(xnew,ynew) to
D and refit the model. A common choice for a(x) is the expected improvement
(EI) [54, 37]. In contrast to most BO methods that use Gaussian processes to
model the objective function [54, 113], BOHB relies on the Tree Parzen Estima-
tor (TPE) [14]. TPE uses a kernel density estimator that allows it to support
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mixed continuous and discrete configuration spaces, as well as linear scalability
with the number of data points [37].

Hyperband (HB) [69] is a HPO bandit method that dynamically assigns
resources to a set of random configurations with a technique called successive
halving (SH) [55]. Since function evaluation can be expensive, we could approx-
imate the objective function f(·) to a cheap-to-evaluate version f̃(·, b), where
b ∈ [bmin, bmax] is a limited budget. The quality of the model increases with b,
until we reach b= bmax, where we have that f̃(·, b) = f(·). The budget can rep-
resent the number of (validation) data samples, number of epochs in a neural
network algorithm, wallclock time, etc. [37, 54]. Making use of these budgets,
HB calls SH successively to find the best configuration among n randomly sam-
pled configurations. The main idea behind SH is that for an initial budget all
configurations are evaluated; then, a 1/η fraction of the top performing config-
urations are kept, the budget is increased in η times, and the process continues
until b|max is reached [37]. Parameter η is set to 3 in BOHB.

Compared to most common BO approaches, HB displays strong anytime
performance and scalability to higher-dimensional spaces. HB also beats BO
and random search on small to medium budgets. On the downside, it sam-
ples configurations randomly with no learning from previously seen configura-
tions [54] which limits its convergence to the global optimum. If large budgets
are set, HB practically does not have any advantage against random search.

BOHB algorithm. BOHB determines how many configurations to evaluate
and with which budget according to HB, but instead of selecting configurations
randomly, the search is guided by the BO component. SH begins when the
the desired number of configurations per iteration is reached. Thus, the com-
bined algorithm overcomes the limitations of its individual components. At the
end the combined algorithm, BOHB, results in a robust HPO technique that
outperforms its individual constituents. Figure 2.10 shows that BOHB starts
quickly and converges to the global optimum faster compared to BO, HB, and
random search.
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20x speed up

55x speed up

wall clock time [s]
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Random Search

Bayesian Optimization

Hyperband
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Figure 2.10: Results of optimizing six hyperparameters of a neural network
with four different HPO methods., taken from [37].
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Chapter 3

Approach

Our research approach consists of three parts: (1) an exploratory analysis of
IR literature that let us determine to what extent weak IR baselines are still an
issue in recent deep neural IR research, (2) the effectiveness results reproducibil-
ity for an ad-hoc and a QA tasks to validate the findings of previous research,
and (3) the proposition of a LTR baseline to contrast how the latest advances
in the field (before deep neural IR) compare with the recently proposed neural
IR models.

3.1 EMNLP 2018: exploratory analysis

The goal of this exploratory analysis is to determine to what extent weak IR
baselines are still an issue in current deep neural IR research. We start by
looking at EMNLP 20181, a very influential venue which in its 2018 edition
accepted more than 500 papers and received over 2000 submissions. In contrast
to other venues where IR studies can be found (e.g. SIGIR, CIKM, WWW,
ICTIR, ECIR, and so on), EMNLP focuses more on empirical work, where
effectiveness comparisons among models play a major role. Here we examine
the papers where deep neural IR models have been presented and what IR
models they have been compared to. We also describe these papers in terms
of the types of IR tasks and datasets that have been employed, plus other
reproducibility characteristics including dataset and code availability.

We inspected the EMNLP 2018 proceedings2 and looked for papers that:
(a) contain keywords related to the use of IR models as baselines, including IR
baseline, IR system, BM25, Okapi, tf-idf, tfidf (66 papers), (b) present tables
summarizing the effectiveness results of the proposed deep neural IR model
and baselines (25 papers), (c) model the main paper task as an IR task (13
papers), and (d) are accompanied by both a publicly available code repository
for the proposed deep neural IR models and the respective dataset(s) (8 papers).
Table 3.1 shows all the papers we found with an IR task. We observe different
kinds of taks, with ad-hoc retrieval and QA tasks being around half of them.

1EMNLP 2018 was the venue with the most recent deep neural IR published papers by
the time we performed this exploratory analysis

2https://www.aclweb.org/anthology/events/emnlp-2018/
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In most tasks query- and document-like elements tend to be short (i.e tens
of words), with a few exceptions that are long (i.e. hundreds of words, see
table 3.2). Interestingly, the most used IR baseline is tf-idf, followed by BM25,
two decades-old models regarded as weak baselines [71, 60]. A cross (x) indicates
that either the code or dataset were not available because the resource was not
provided by the authors or, if a link was given, this was not online (see more
details in table 3.3). In table 3.2 we collected word length statistics for query
and document elements for the available datasets.

A variety of deep neural IR models and datasets are employed among the
analyzed papers. Of note, the main purpose of some papers is not the intro-
duction of an innovative deep neural IR model, but the release of a new task
(or challenge) [36, 67, 110]. These papers can also come with a new tailored
dataset (e.g. [36, 67]) or reuse an already existing one (e.g. [110]). In contrast,
only two papers [80, 68] present experiments with standard TREC collections
for ad-hoc retrieval. The studies that do introduce a new deep neural IR model
(e.g. [95, 28]) experiment with two or more similar datasets (e.g. both have
short queries and long documents) to justify results generalization.
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3.2 Reproducibility experiments Approach

3.2 Reproducibility experiments
Reproducibility allows us to validate the results obtained in past studies; hence,
it is an effort that helps us to build trust about the conclusions derived from
previous scientific research or to identify the need for collecting more evidence
before accepting a given claim [93]. Here we describe the papers we select for
reproducibility, and the approaches we follow to replicate and reproduce the
effectiveness of the deep neural IR models and IR baselines respectively.

3.2.1 Paper selection criteria for reproducibility

Since reproducing the results for all the papers identified in table 3.1 would
take a considerable amount of human effort and computing resources (as stated
in section 1.4.2), in this thesis we have limited the number of papers for our
reproducibility experiments to [80] and [67]. We have chosen these papers based
on the following reasons:

• To cover two representative IR tasks that appear in our paper analysis:
ad-hoc retrieval and QA. Given that these two IR tasks are older and
more studied than the others, we argue that the selection of baselines
should be more rigorous in these papers.

• To cover the two different types of IR baselines in our list: BM25 and
tf-idf. These models are the most effective traditional IR baselines used
for model comparison in the selected papers.

• Both papers meet the basic criteria for our reproducibility experiments
(more details in chapter 4). These criteria are: (a) each paper exten-
sively describes the its novel deep neural IR models (see sections 3.2.2
and 3.2.3), (b) the IR baselines are clearly identified, and (c) the code
repositories and datasets are publicly available. If we add the fact that
we can find the IR baselines implementations in an IR toolkit, we have the
main components to carry out our reproducibility experiments, avoiding
common shortcomings such as code debugging during the time-consuming
endeavour of implementing any model from scratch [96]

• In particular, [80] presents experiments with the well-known Robust04
dataset which let us establish comparisons with earlier weak IR baseline
research [11, 71, 143]. On the other hand, [67] is an interesting case where
a new QA task and dataset are released; thus, no previous baselines exist
in the literature for this specific combination of task and dataset.

3.2.2 Paper A: deep relevance ranking using enhanced
document-query interactions

Task. This paper is developed in the context of the 6th BioASQ biomedical
challenge question answering task (BioASQ task 6b [86]). This task is divided in
two phases. The first phase consists in retrieving the documents that potentially
contain the required answers, while the second phase employs sophisticated NLP
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methods to extract snippets of text or sentences with more precise answers [122].
This paper presents a document retrieval approach for the first phase.

Approach. The authors investigate deep neural IR interaction based archi-
tectures (recall section 2.3.2), in particular DRMM [44] and PACRR [53] model
variations. The authors introduce their most effective deep neural IR: POSIT-
DRMM+MV, which stands for POoled SImilariTy DRMM with multiple views.
The main enhancements over DRMM are: (i) context-sensitive representation
enrichment, and (ii) the use of multiple views of terms (i.e. POSIT-DRMM
encodings view, pre-trained embeddings view, and one-hot vector representa-
tions view). They apply POSIT-DRMM+MV to re-rank the top N documents
retrieved by BM25 following the re-ranking scheme explained in section 2.2.

Datasets. The datasets employed by this paper are: TREC Robust04 [1]
and BioASQ [122]. Robust04 is a standard TREC collection designed for ad-
hoc retrieval. It is composed by 249 topics3, where 200 topics where collected
throughout the past ad-hoc TREC tracks and 50 new topics were added in
TREC Robust 2004. Figure 3.1 shows the structure of a sample topic. Ro-
bust04 distinguishes the topic (information need) from the actual query (e.g. a
query can be the title only or the concatenation of title plus description). Ro-
bust04 includes 528,155 documents from TREC disks 4 and 5. This document
set is commonly used for TREC tasks and includes material from the Financial
Times Limited, the Federal Register, the Foreign Broadcast Information Ser-
vice, and the Los Angeles Times -excluding the Congressional Record. Each
document is structured and tagged using SGML or XML, and uniquely identi-
fied with a DOCNO tag. The text in the documents remain as close as possible
to the original in that spelling and alike errors have not been removed [132].
Robust04’s construction was expensive due to the large human effort required to
create the topics and to produce the corresponding document relevance judge-
ments [132]. This dataset was not created with predefined train, validation,
and test data splits or cross-validation folds (in contrast to, e.g. LETOR [97]).

<num> Number: 656
<title> lead poisoning children
<desc>
How are young children being protected against lead poi-
soning from paint and water pipes?
<narr>
Documents describing the extent of the problem, including
suits against manufacturers and product recalls, are rel-
evant. Descriptions of future plans for lead poisoning
abatement projects are also relevant. Worker problems
with lead are not relevant. Other poison hazards for
children are not relevant.

Figure 3.1: A topic sample from Robust04.

3Originally there are 250, but one topic does not have any relevant document.
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BioASQ is the dataset for the document ranking task of the BioASQ chal-
lenge, years 1-54. It contains 2,251 English biomedical questions5, formulated by
biomedical experts, who looked for relevant documents through PubMed6. The
document collection contains approximately 18M articles (i.e. concatenated ti-
tles and abstracts) from the PubMed Baseline 2018. In contrast to Robust04,
BioASQ questions are simpler structures made of a question identifier and a sin-
gle sentence. Figure 3.2 depicts a question example from BioASQ. In the 6th
year of the BioASQ challenge, questions from year 1-5 are for training, while
the questions added on the 6th year are held for testing, and consequently, their
ground truth labels are kept secret for fair evaluation. This dataset does not
include an official validation split.

"id": "58a2e5f760087bc10a000007"
"body": "Which is the primary protein component of Lewy
bodies?"

Figure 3.2: A question example from BioASQ dataset.

Experiments. Their experiments consist in comparing their deep neural IR
variants to BM25 and BM25+extra (a linear combination of four features that
includes the BM25 scores, but achieves a better effectiveness than vanilla BM25)
on the Robust04 and BioASQ datasets. The metrics reported in this study are
MAP, P@20, and NDCG@20. The authors distributed the Robust04 queries
in five folds for cross-validation due to the reduced size of this dataset, where
each fold contains 150 train, 50 validation, and 50 test queries. For BioASQ
the authors decided to employ the first 4 years questions (1,751) for training,
while the 5th year questions were split in validation (100), and test (400). To
account for the variation introduced by the random seeds in the deep neural
IR model, they performed their experiments five times and reported the best
resulting model. The BM25 baselines are referred as very strong in this paper;
however, when BM25+extra is applied to Robust04 it obtains a MAP of 0.25,
0.12 points below the best known MAP score for this dataset; thus, this model
is clearly a weak IR baseline as discussed in section 2.4.1. The authors report
statistical significance in their model comparisons, where their most effective
baseline (BM25+extra) is at most 0.05 points below their most effective deep
neural IR model (POSIT-DRMM+MV) across all the reported metrics and
datasets.

3.2.3 Paper B: TVQA: localized, compositional video question
answering

Task. Here, the task is to choose the right answer among five choices for a
natural language question based on visual and textual information. The visual

4https://bioasq.org
5Although the original task actually addresses questions instead of queries, the task is

about retrieving relevant documents instead of short correct answers.
6https://www.ncbi.nlm.nih.gov/pubmed/
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information is extracted from video frames from TV shows and the textual in-
formation (apart from the questions) comes from the video scenes subtitles [67].
Although our experiments regarding this paper concern only the textual com-
ponents of the task (section 4.1.3), we describe the multimodal characteristics
of this paper for a holistic understanding of the problem it addresses.

Approach. The main purpose of this paper is to launch a new QA challenge7,
TVQA, and release its associated dataset (description in the next paragraph).
The authors also introduced a multi-stream neural network with multiple layers
for multimodal Video Question Answering. The inputs are video clip fragments,
a subtitle, a question, and five candidate answers. GloVe word embeddings are
used as inputs instead of raw text and video fragments are processed by a
faster RCNN [102] for object and region detection. The inputs pass by several
layers with LSTM, context matching, fusion, max-pooling, among them, to be
finally combined with a softmax layer that outputs the predicted answer. The
whole network architecture is illustrated in figure 3.3. This model can operate
with different data streams or inputs (besides the answers), e.g. subtitles plus
questions (S+Q), video features plus questions (V+Q), or subtitles plus videos
plus questions (S+V+Q) [67].

Question

+ Predicted
Answer ScoreS

of
tm

ax

LSTM

LSTM

Context
Matching

Context
Matching

LSTMFusion MaxPoolingRCNN

LSTM

a0 He tore up the folder 
…
a4 He pulled  out a cell  phone

FC

What did Sheldon do after 
Leonard said the name Maggie 
McGarry ?

Word
Embedding

Word
Embedding

FC

00:50.590 --> 00:53.090
(Leonard:) "Sincerely, Maggie 
McGarry."?
…
00:54:380 --> 00:59.300
(Sheldon:) actually call that number, they 
will hear this.

LSTM

LSTM

Context
Matching

Context
Matching

LSTMFusion MaxPooling

LSTM

a0 He tore up the folder 
…
a4 He pulled  out a cell  phone

What did Sheldon do after 
Leonard said the name Maggie 
McGarry ?

Word
Embedding

Word
Embedding

FCWord
Embedding

a4 He pulled  out a cell  phone

argmaxAnswers

Subtitle

Question

Answers

Video

Figure 3.3: TVQA multi-stream model for multimodal Video QA, copied
from [67].

Dataset. This paper introduces TVQA, a dataset created to evaluate video-
QA models’ multimodal semantic understanding. The dataset contains 152,545
human-written QA pairs, 21,973 video clips, and the corresponding subtitles
from six popular TV shows about three genres: medical drama, sitcoms, and
crime shows. The dataset was collected to reflect the content of rich dynamics
and realistic social interactions, where the human annotators wrote QA pairs
that require visual and language understanding to answer. For each question
there are five answer candidates including only one correct answer. This dataset
contains several types of questions, including: abstract (what), person (who),
reasoning (why), method (how), among others. Some questions could be an-

7http://tvqa.cs.unc.edu/
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swered based on subtitles or video only, while other questions require both
modalities as illustrated in figure 3.4.

What is on the couch behind Joey when he is at the 
counter?

A A chick
B A soccer ball
C A duck
D A pillow
E Janice's coat

What is Janice holding on to after Chandler sends 
Joey to his room?

A Chandler's tie
B Chandler's hands
C Her Breakfast
D Her coat
E Chandler's coffee cup.

00:00

Why does Joey want Chandler to kiss Janice when they are 
in the kitchen?

A Because Joey is glad that Chandler is happy
B Because Joey likes to watch people kiss
C    Because then she will leave  
D Because Joey thinks Janice is hot
E   Because then Chandler will move away from the toast.

00:00.755 --> 00:02.655  
(Chandler:) Go to your room!
00:06.961 --> 00:08.622 
(Janice:) I gotta go, I gotta go.

00:08.829 --> 00:10.057 
(Janice:) Not without a kiss.
00:10.264 --> 00:12.391 
(Chandler:) Maybe I won't kiss you so you'll stay.

00:12.600 --> 00:14.761 
(Joey:) Kiss her. Kiss her!
00:16.771 --> 00:19.137 
(Janice:) I‘ll see you later, sweetie. Bye, Joey.

00:39.327 --> 00:40.760 
(Chandler:) She makes me happy. 
00:41.596 --> 00:44.087 
(Joey:) Okay. All right.

…

00:1000:06 00:17 00:39 00:45 01:04

…

Figure 3.4: TVQA question examples, copied from [67].

Experiments. The authors propose several experiments with different mod-
els and different stream subsets. Among the proposed baselines, their most
effective model is a combination of nearest neighbor search with tf-idf, where
the vectors of question-answer, or subtitle-answer are compared via cosine sim-
ilarity to predict the right answer. While their baselines use textual informa-
tion only, their deep neural IR model exploits either question, question-video,
subtitle-question, or subtitle-video-question features. Their most effective deep
neural IR model is based on the three stream sources, followed by the model
where subtitle-question features are employed. Another model variant is the
one that uses localized subtitles, i.e. subtitles with answer localization times-
tamp annotation. The evaluation measure of choice is accuracy and no details
of statistical significance testing are reported. The accuracy of the most effec-
tive baseline is around 0.13 points below the most effective deep neural model
(text-based only).

3.2.4 Models for reproducibility experiments

In this thesis we are interested in building evidence about the effectiveness
difference between the new proposed deep neural IR models and the IR baselines
employed in the two previously identified ad-hoc and QA papers, therefore we
focus our reproducibility efforts in the most effective proposed models of each
type, namely: BM25+extra and POSIT-DRMM+MV for paper A, and tf-idf
and TVQA S+Q for paper B. Following our discussion about reproducibility
in section 1.4.2 we divide our effort in two approaches: replication of the most
effective deep neural IR model and reproduction of the most effective IR baseline
for each paper. Below, we explain the main decisions and steps for the two
reproducibility approaches.
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3.2.5 Replication of deep neural IR models

Besides the datasets, the artifact that enables the replication of effectiveness
results for our selected papers is the available code for the proposed deep neural
IR models (see table 3.3). The replication steps we follow for each paper are:
(i) prepare an execution environment with the requirements specified by the au-
thors, meaning that we get the required software packages (e.g. required Python
version) to run on compatible hardware8; (ii) get a copy of the dataset(s) and
code for deep neural IR models, (iii) run any preprocessing steps (e.g. enabling
the right stemming options for indexing or running preprocessing scripts that
have been already included), (iv) run the model’s code, and (v) contrast the
effectiveness outcomes with the results reported in the paper. Note that the
ideal scenario for the replication approach is to obtain the results as reported
in the original papers through the automated artifacts provided by the authors
with minimal intervention from our side. We expect that the decisions made
by the paper’s authors regarding preprocessing (e.g. stemmer type) or model’s
behaviour (e.g. hyperparameters) are already set in code or are clearly specified
in the paper’s details or code documentation.

3.2.6 Reproduction of IR baselines.

The main difference between our reproduction approach and the replication
procedure explained above is that the code for the IR baseline is not provided
with the papers. Paper A mentions their selected IR toolkit (Galago v3.10 9),
but paper B does not. To overcome this shortcoming, we decide to employ
Indri v5.13, a well known IR toolkit, for both cases. Indri already includes the
baseline implementations we require. Moreover, we rely on common libraries
like Python Scikit-learn linear regression model10 for the BM25+extra baseline
from paper A. We aim to obtain similar effectiveness results although we employ
different artifacts than those of the original papers. In general, our reproduction
approach requires the following steps to accommodate either IR baseline into the
model’s evaluation pipeline: (i) parse documents and queries to TREC format11,
(ii) extract qrels from ground truth data, (iii) index documents, (iv) retrieve
relevant documents, (v) format effectiveness results for specific evaluation, (vi)
run evaluation and contrast the effectiveness results with the paper. For the
reproduction phase we assume the use of the default values for preprocessing
steps such as tokenization or the baseline hyperparameters unless specific values
have been specified in the papers. As noted in [96, 71, 143], we anticipate
that using different implementations of the same baseline can lead to different
effectiveness results than those reported in the original studies.

8All our experiments are carried out on a dedicated physical server with Intel processor,
SSD storage, GPU, and GNU/Linux (Ubuntu) operating system

9http://www.lemurproject.org/galago.php
10https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.

LinearRegression.html
11TREC is one of the formats supported by Indri for indexing and retrieval
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3.3 Deployment of LTR baseline

In this section we propose to use LamdaMART as a baseline for the IR tasks
from paper A and B to overcome the weak IR baselines’ shortcomings we ex-
amined in the previous chapter (section 2.4.1). In short, we choose the LTR
approach because it is the latest advance in IR prior to deep neural IR models
(see section 2.2.1), and LambdaMART, in particular, because it is considered a
SOTA LTR model (as argued in section 2.2.4) and the LTR approach has been
applied in ad-hoc [38, 100] and QA [125, 147] tasks previously.

Here below we describe the decisions we make regarding the implementation,
feature extraction, and hyperparameter optimization of LambdaMART.

3.3.1 Implementation

In the same way that we prefer an already available implementation for tra-
ditional IR baselines, we choose to use an available LambdaMART implemen-
tation. Among the available implementations of LambdaMART [75, 4, 3], we
choose the one included in the popular RankLib package [75]. Similar to Indri,
RankLib is part of the lemur project, and it is a well-maintained LTR model li-
brary that has been extensively used in past IR research [91, 136, 33]. RankLib
is available as a java package that can be directly executed in our linux environ-
ment. RankLib’s LambdaMART implementation exposes an API that allows
us to specify the model’s hyperparameters (number of trees, number of leaves,
shrinkage or learning rate).

3.3.2 Feature extraction

For the feature extraction phase, we follow the work of Qin et al. [97] in that we
extract similar features and employ the same output format. Since the datasets
described in sections 3.2.2 and 3.2.3 do not contain hyperlink information, we
exclude the features derived from this type of information, but extract low- and
high-level content-based features only (recall section 2.2.3).

We wrote a customized C++ feature extractor program12 reusing Indri’s
open source code13 such that we access the same tokenization, stemming, index-
ing, and other functions used by our IR baselines; thus, preventing effectiveness
variations that can be attributed to different implementations of these steps.
The feature extractor takes the following inputs: index built with Indri, queries
file, and qrels file (a column-formatted text file indicating the queries and their
relevant documents), and the top N documents returned by a base ranker (as
depicted in figure 2.3). The output of our program is a row/column matrix
in the LETOR supervised ranking format [97]. Each row is a query-document
pair, where the first column is the relevance label of the pair, the second column
is the query id, the following columns are the extracted features, and the last

12The feature extractor code was written by Claudia Hauff, and then expanded by the
author of this thesis to include the four features required by the BM25+extra features baseline
mentioned in section 3.2.2 and to specify the stemmer type.

13We made use of this tutorial: http://www.lemurproject.org/lemur/install.php.
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column is the document id. We extract 24 features in total, listed in table 3.4.
While features 1-20 are identified in [97], features 21-24 are taken from paper
A. Each row in this matrix is accompanied by the corresponding ground truth
relevance label; hence, the output is suitable for training our LTR model. To
be able to compare the effectiveness results among IR models, we extract fea-
tures according to the same data splits and cross-validation folds proposed in
our selected papers as explained in sections 3.2.2 and 3.2.3. Once the set of
features has been extracted, we could train the LTR model with the whole set
of features or different subsets, if needed.

Note that different subsets of features as well as how the have been ex-
tracted or preprocessed have an impact on the effectiveness results of the LTR
algorithms [74]. Thus, feature engineering techniques such as feature selection
or dimensionality reduction have been explored to improve the effectiveness of
different LTR algorithms [42]. However, in this work we keep the features and
the features’ set unaltered during our experiments and leave feature engineering
as future work.

Feature # Name Feature # Name

1 LM for IR - Jelinek-Mercer 13 Covered query ratio
2 LM for IR - Dirichlet 14 Max query term tf
3 LM for IR - Two-stage 15 Min query term tf
4 tf-idf with BM25 weighting 16 Sum query term tf
5 Okapi BM25 17 Mean query term tf
6 Mean tf-idf 18 Normalized min query term tf
7 Sum tf-idf 19 Normalized max query term tf
8 Min tf-idf 20 Normalized sum query term tf
9 Max tf-idf 21 BM25 z-score
10 Var tf-idf 22 Exact match query percentage
11 Document length 23 Exact match idf weighted query percentage
12 Covered query term tokens 24 Bigram query percentage

Table 3.4: Content-based IR features for LTR approach.

3.3.3 Model training, HPO, and evaluation

With the extracted features split in training, validation, and test sets, the next
step in our pipeline is to train LambdaMART with the hyperparameter configu-
ration that yields the highest effectiveness in the validation set. LambdaMART
allows direct optimization for specific IR metrics (recall section 2.2.4). We op-
timize for MAP in paper A because is the main reported IR metric in this
study and it also allows us to compare the results obtained in Robust04 with
previous research (see section 2.4). Since Paper B’s metric is accuracy, which
is not an optimization option in LambdaMART, and the objective of the task
is to find the unique correct answer, we optimize LambdaMART for precission
at 1 (P@1).

As discussed in section 2.5.2, grid search is the most common HPO method
found in IR literature [71, 78, 104], but it is also a time-consuming process.
Instead of grid search, we compare two HPO methods: random search (RS), a
common HPO baseline [37, 69], and the more sophisticated BOHB (see their
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descriptions in section 2.5). To facilitate reproducibility, the hyperparameter
configuration search is restricted to a grid that we define. We compare both
HPO methods in terms of function evaluations, and set a maximum value of
function evaluations that each HPO method should perform before returning
the best hyperparameter configuration they found on the validation set. Fol-
lowing the works of [37, 69], we define the resource budget B as the number of
training instances for the successive halving component of BOHB.

We evaluate LambdaMART according to the evaluation pipeline displayed
in figure 1.2. For each task and dataset from our selected papers we apply
LambdaMART with the best hyperparameter configuration found above on
the test set. We also evaluate LambdaMART with the default hyperparameter
values for comparison purposes. We compute the IR metrics MAP, P@20,
and NDGC@20 following Paper A (section 3.2.2), and accuracy for Paper B
(section 3.2.3).

At this point we have obtained the effectiveness results for the replicated
deep neural IR models, reproduced traditional IR baselines, and proposed LTR
baseline; thus we can establish comparisons among the models and check if
any difference is significant. We test for statistical significance following the
guidelines provided in our selected papers and also relevant literature on this
topic [18, 115, 58].
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Chapter 4

Experiments

Based on the research approach of the previous chapter and the evaluation
pipeline described in section 1.4.2, here we explain the experiments we perform
to answer the research question stated in the introduction chapter (section 1.3).
In section 4.1 we detail the experimental conditions concerning the lab environ-
ment setup 4.1.1, datasets’ preprocessing 4.1.2, replication of the deep neural
IR models 4.1.3, reproduction of the IR baselines 4.1.4, and reproducibility as-
sessment for papers A and B4.1.5. In section 4.2 we present the experiments
we carried out with the LTR baseline with and without hyperparameter op-
timization4.2. Then, we present the discussion of the effectiveness results for
the different models and IR tasks in section 4.3. We close this chapter with a
summary of the performed experiments in section 4.4.

4.1 Reproducibility

4.1.1 Preliminaries

All our experiments are run on individual conda1 environments (one per pa-
per), in our Linux server (see section 3.2.6), to keep track of the software
dependencies. Additionally, we installed Oracle Java 8.2112, independently
from the conda environments, to execute the RankLib jar package (see sec-
tion 3.3.1). Tools that are compiled to be executed from the commandline like
IndriBuildIndex, IndriRunQuery, RankLib, or trec_eval are called from
Python scripts through the subprocess module3. Figure 4.1 gives an overview
of the main components of our experimental pipeline followed for papers A and
B.

4.1.2 Data preprocessing

The data preprocessing we performed for papers A and B includes different steps
that depend on the dataset and the IR model. The papers give the preprocessing
guidelines and the artifacts required for their deep neural IR models which

1https://docs.conda.io/en/latest/miniconda.html
2https://www.oracle.com/technetwork/java/javase/downloads/index.html
3https://docs.python.org/3/library/subprocess.html
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Figure 4.1: Overview of the experimental pipeline for papers A and B.

are also useful for the other IR models we apply. Paper A describes most
of its preprocessing steps but does not include automated scripts or code to
actually preprocess the document collection in natural language; instead, paper
A provides already preprocessed data elements (e.g. IDF values, word2vectors,
top N BM25 documents). Paper B does provide the automated scripts for
the preprocessing steps besides the pre-trained GloVE embeddings that allow
to execute the whole evaluation pipeline of its deep neural IR model. The
replication artifacts from papers A and B are accessible through their code
repositories (see table 3.3). No other preprocessing steps are assumed to be
required to replicate the deep neural IR models from each paper.

On the other hand, the reproduction of the IR baselines and the proposition
of the LTR model actually require that we carry out the preprocessing steps we
found in the papers’ instructions, code, and code documentation. We divided
the preprocessing steps in two groups that align with the re-ranking scheme from
section 2.2, this is: steps before the application of the base ranker and steps
before the application of the LTR top ranker -BM25+extra or LambdaMART-
(see figure 4.2). The deployment of the top ranker requires the execution of
both groups. The preprocessing steps that are exclusive for the replication of
the deep neural IR models (e.g. word embeddings generation) are not included
in figure 4.2).

For BioASQ from paper A, we kept only the documents that contain title
and abstract after downloading the MEDLINE/PubMed Baseline 2018 docu-
ment collection4. Then, the IR models of paper A require the relevance scores
of the top N documents retrieved by BM25 as input. This is expressed in figure
4.2 with the create index and base ranker preprocessing steps. For BioASQ in
particular, we removed the documents that have been published after 2015 from
the training set, and after 2016 from the validation and test sets (which are re-
placed by lower ranked documents up to N=100 ), because these documents do
not have relevance annotation [80]. The steps base ranker and generate LTR
features are performed within a cross-validation loop in the case of Robust04,
following the same evaluation pipeline as the paper. The base ranker in this

4https://www.ncbi.nlm.nih.gov/pubmed/
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case is BM25 for which we employed the default hyperparameters (b=0.75, and
k1=1.2).

For the dataset of paper B, TVQA, we performed an extra preprocessing
step: the redefinition of the train, validation, and test splits. This is because
the public test set of TVQA does not contain the ground truth labels we need to
evaluate the models5. We redefined the splits as follows: 80% from the original
training set is taken as actual training data, while the remaining 20% is used
as actual validation; additionally, we use the original validation set as actual
testing. We did not discard the original test set but included its candidate
answers in the index we build in section 4.1.4

Preprocessing Paper A Paper B
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Figure 4.2: Preprocessing steps for the datasets from paper A and B before
the application of the IR baselines. Vertically-left-aligned elements indicate the
preprocessing steps. Vertically-centered elements and vertically-right-aligned
elements indicate the correspondence of the preprocessing steps and the datasets
of papers A and B respectively. Each graph element indicates whether the
preprocessing step has been applied ( ) or not ( ) to the dataset and other
specific details.

5The test set ground truth labels are reserved for the TVQA challenge http://tvqa.cs.
unc.edu/leaderboard.html.
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4.1.3 Replication of the deep neural IR models

Replication of the deep neural IR model POSIT-DRMM+MV. To
replicate POSIT-DRMM+MV, the most effective deep neural IR model pro-
posed in paper A, we reuse the artifacts provided by the original research team,
i.e. the model’s code, the already preprocessed data elements (index IDF val-
ues, word2vec embeddings, and the BM25 top N documents), and the general
paper’s instructions. Then we proceed to run the code (see figure 4.3).

TVQA (questions, 
answers, GloVe 
embeddings)

Robust04 BioASQ

Create conda
environment

Clone gihub
repository

Run model's
code

Download 
provided data

Install Python
and packages

Robust04 and BioASQ
(IDF, word2vec embeddings,
top N BM25 docs)

Environment
paper A

Environment 
paper B

Python 2.7,
PyTorch, ...

POSIT-DRMM+MV

Python 3.6,
TensorFlow, ...

TVQA S+Q

TVQA

Flow Paper A Paper B

Figure 4.3: Replication flow for the deep neural IR models from paper A
and B. Vertically-left aligned elements indicate the replication flow steps.
The vertically-centered and vertically-right elements indicate the correspond-
ing replication artifacts for the replication flow for papers A and B respectively.
The bottom elements indicate whether the code’s run execution is successful
( ) or not ( ).

The code run is divided in three manual steps: (1) train POSIT-DRMM+MV
for 40 epochs, (2) check which epoch yields the best model in terms of MAP
on the validation set, (3) evaluate the previous model on the test set with
trec_eval called from a Python script. Due to the random seed of the model
this process was repeated five times [80], for which we reported the mean and
standard deviation of MAP, P@20, and NDCG@20 for the test set (see ap-
pendix B). The hyperparameters of this model, such as the learning rate, batch
size, or the number of epochs, are described in the appendix of [80] and were
already set in the code.

Remarkably, POSIT-DRMM+MV model’s code comes with BioASQ hard-
coded as the only dataset option to process. Although we modified and repeat-
edly debugged the code in an attempt to replicate the results on Robust04, the
code fails to run after the first training Epoch. We realized that this issue has
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already been reported6, but it has not been fixed yet by the authors. Con-
sequently, we were able to successfully run POSIT-DRMM+MV model with
BioASQ dataset only.

Replication of the deep neural IR model TVQA S+Q. In contrast to
paper A, we did not replicate the most effective deep neural IR model from paper
B: TVQA S+V+Q (see section 3.2.3), because it depends on video features and
we are interested in text features only. Thus, we replicated the TVQA S+Q
model that exploits the information from the subtitles, questions (and answers)
in the form of GloVe embeddings (see figure 3.3).

After preprocessing (see section 4.1.2), TVQA S+Q model was applied
through the manual execution of three steps implemented by the authors of
paper B in individual Python scripts: (1) vocabulary building and GloVe vec-
tors extraction, (2) model training, where subtitles were specified as the input
stream, and (3) inference. The hyperparameters (e.g. learning rate, number of
epochs, mini-batch size, etc.) and the PyTorch random seed came set in the
code. With the random seed set to a fixed value, we run TVQA S+Q model
only once and recorded the accuracy achieved in selecting the right answer for
the new test set we defined in section 4.1.2.

4.1.4 Reproduction of the traditional IR baselines

Reproduction of the IR baseline BM25+extra. To reproduce the most
effective IR baseline from paper A, BM25+extra, we computed the four features
it requires: z-score normalized BM25 scores (based on the BM25 scores obtained
in section 4.1.2), percentage of query terms with exact match in the document
(regular and IDF weighted), and percentage of query term bi-grams matched
in the document. We extracted these features based on the details traced back
to [80, 84, 111] since paper A did not provide a code implementation for this
task. The features were implemented in C++ and are generated with our fea-
ture extractor (see 3.3.2). These features were then combined through a linear
regression model (as suggested in paper A) that we implemented in Python to
re-rank the top N documents for Robust04 and BioASQ.

For the evaluation we also employed trec_eval, but instead of using the
same evaluation Python script as before we wrote a different Python script
whose input is a TREC runfile. This facilitates the evaluation for this and the
LTR baseline. Given that this IR baseline does not involve randomness, we
run the experiment once; resulting in a single effectiveness result value per IR
metric for BioASQ; however, as Robust04 comes distributed in five folds for
cross-validation, we run the experiment for each fold and reported the cros-
validation’s mean and standard deviation values per IR metric.

Reproduction of the IR baseline tf-idf. Nearest neighbour search tf-idf
S7 is the most effective IR baseline, based on text information only presented in

6https://github.com/nlpaueb/deep-relevance-ranking/issues/2
7S stands for subtitle stream that is used instead of the question stream as baseline.
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paper B, that we reproduce in this work. Note that the authors did not detail
how they implemented tf-idf or which toolkit they employed. Consequently,
we were free to try any available implementation, and stayed with Indri. We
treated this QA task as an ad-hoc task, i.e. we employed the answers’ index built
in section 4.1.2, and then applied Indri’s tf-idf implementation to rank these
answers with respect to the localized subtitle. Note that the task in TVQA is
multi-choice answer, where there is only one correct answer [67]; therefore, we
restricted the set of answers to be queried and ranked to only the five candidate
answers each question has.

The nearest neighbour search in paper B is implemented through cosine
similarity to determine the right answer; however, we relied on the scoring
scheme from Indri’s tf-idf implementation [145] to pick the top one answer as
the correct choice (see the base ranker for paper B in figure 4.2). Based on this
choice, we computed the test accuracy with the same formula specified in the
evaluation script from paper B. Default hyperparameter values were preserved
for this model (b=0.75, k1=1.2) and the ranking list was stored in one runfile
per data split.

4.1.5 Reproducibility assessment

How replicable and reproducible are the IR models from papers A
and B? We assess the reproducibility of the models we replicated and re-
produced for papers A and B in a similar way to that of [96]. We adapt the
assessment criteria to our work as follows: (a) dataset reconstructability/avail-
ability, (b) preprocessing, and (c) model approach. The evaluation of these
three factors gives an overall reproducibility assessment of replicability for the
deep neural IR model and reproducibiilty for the IR baseline and sets the con-
text to interpret the effectiveness results in section 4.3. Tables 4.1 (paper A)
and 4.2 (paper B) summarize our findings with full ( ), some (G#), and none (#)
specified details for a given reproducibility criterion. We build this information
upon the exploratory analysis carried out in section 3.1 and the reproducibility
experiments from sections 4.1.3 and 4.1.4. Each reproducibility criterion and
the corresponding findings are discussed next.

(a) Dataset reconstructability. During the exploratory phase in section 3.1
we purposely selected papers that include the origins for the queries and doc-
ument collections they employed. However, we found particularly difficult to
reconstruct the BioASQ document collection since we could not verify if the
documents we downloaded and filtered from the PubMed 2018 baseline website
were the actual documents the authors employed in paper A. Our only guide in
this regard was the approximate total number of documents from paper A’s ap-
pendix. On the other hand, Robust04 and TVQA datasets came as well defined
collections with a specific list of queries and documents. Likewise, the train,
validation, and test data splits, as well as the cross-validation folds, are clearly
specified in both papers for all datasets. Therefore, we can rule out that any
difference between the original effectiveness results and the ones we reproduce
are due to discrepancies in the actual datasets employed, except for BioASQ.
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(b) Preprocessing. Both papers have some preprocessing steps in common,
for example tokenization, special character handling, or upper/lower case han-
dling. The main difference we find between the two papers is the provision of
automated preprocessing scripts. Although the processing pipeline performed
on BioASQ in paper A is the most complex among the analyzed datasets, it
does not come accompanied by automated preprocessing scripts but by inter-
mediate preprocessed data elements, e.g. top 100 BM25 ranked documents and
IDF scores. We agree that the main goal of paper A is the proposition of its
new deep IR model, but since the base ranker’s results constitute an important
component of the model’s re-ranking scheme affected also by other prepro-
cessing like stemming, tokenization, and stopwords handling, we consider that
including the automated scripts to get the intermediate results is desirable for
reproducibility purposes; even though, we also accept that this task requires
a considerable amount of effort that might be out of the interest and scope
of a given research team. In contrast, paper B includes the automated script
for its simpler preprocessing pipeline’s steps. Tokenization is particularly im-
portant for BioASQ since it contains many specialized terms whose semantics
depends on the correct use of upper letters, e.g. "CNEs, conserved noncod-
ing elements", or special characters, as in chemical compound names such as
"Kub5-Hera/RPRD1B".

(c) Model approach. We split these criteria in two: one for the replicated
deep neural IR model and one for the reproduced IR baseline. Code/imple-
mentation availability for both types of models is clearly the most important
factor in this criterion. Both papers provide an implementation for their pro-
posed deep neural IR models (see section 4.1.3), although paper A did not
include the code that allows to replicate the effectiveness results for Robust04,
but only for BioASQ. We argue that the reason for this is the same as with
the preprocessing steps: a sense of unjustified extra effort. Additionally, not
all the software libraries were fully specified for paper A’s functioning, which
demanded some extra hours of debugging until we fixed the issues. Regarding
the IR baselines, both papers identify the employed models, and while paper
A gives further details about the name and version of the chosen IR toolkit,
paper B omits such information. The availability of the exact same baselines’
implementations used in these papers was not a crucial aspect in our repro-
ducibility experiments because we chose a specific IR toolkit to implement the
baselines (recall section 3.2.6). Instead, it would have been more advantageous
to know the employed baselines’ hyperparameters (the hyperparameters for the
deep neural IR models were set in the code), but we resorted to the default val-
ues due to the lack of this information. Given the amount of information and
details both papers present for their deep neural IR models, we could conclude
that these papers are self-contained with respect to the deep neural IR models,
but only partially with respect to the baselines, whose results’ reproduction
required that we close the gap with the papers’ references (e.g. to implement
the extra features for BM25+extra baseline in paper A) and our own domain
knowledge. Lastly, the effectiveness results, our main point of reference for our
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experiments, are reported in tables in both papers. Furthermore, paper A also
specifies the statistical significant effectiveness differences among its models,
the type of statistical significance test, and how it was employed (see more
details in section 4.3.1). Paper B also mentions that its results are statistical
significant, but not with the level of detail we see in paper A.

(d) Overall assessment. Table 4.1 reveals that neither the deep neural IR
model nor the baseline from paper A are fully replicable or reproduciblle re-
spectively. We were able to successfully run the deep neural IR model’s code
for BioASQ but not for Robust04, even when we had access to all the inter-
mediate preprocessed data elements provided by the authors. Moreover, the
three previous assessment criteria show that the implementation of paper A’s
models is highly complex, what in turn hindered our reproducibility efforts.
Such complexity could also explain why the original authors were not able to
provide simpler and more complete reproducible artifacts. Note that the IR
baseline (BM25) is the cornerstone for the implementation of the LTR model
we propose; thus, a successful reproduction of this baseline (in terms of the
effectiveness metrics) directly contributes to a successful implementation of the
LTR model. Paper B, on the other hand, shows that its deep neural IR model is
fully replicable given that all the previous criteria are defined and the tasks au-
tomated; however, the tf-idf baseline is reproducible to a certain extent mainly
because the paper lacks the details for it’s deployment.

4.2 LambdaMART baseline deployment

We apply LambdaMART, our chosen LTR model for strong IR baseline candi-
date for the ad-hoc and QA tasks from paper A and B, following the re-ranking
scheme of section 3.3. The first stage of this scheme is the retrieval of the
top N documents with a base ranker, what was already accomplished through
the reproduction of the IR baselines in section 4.1.4. This means that we use
the IR baselines as our base rankers for the re-ranking scheme, more specifi-
cally the BM258 ranked list of documents for paper A and the tf-idf ranked
list of answers for paper B. Table 4.3 exhibits the hyperparameter values used
for LambdaMART base rankers. The remaining two stages are: feature ex-
traction and training with HPO. The application of these two stages is very
similar for the ad-hoc and QA tasks; however, there are two main differences
between them: the number of documents retrieved by the base banker and the
LambdaMART optimization metric, as we will see next.

Feature extraction

The previous implementation of the BM25 and tf-idf base rankers generated
the required data inputs for the feature extraction process, these are the rele-
vance of the documents/answers with respect to the queries/questions, Indri’s

8We use BM25 and not BM25+extra as base ranker to make the results comparable to
the deep neural IR model in paper A.
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Criteria Assessment

Dataset reconstructability / availability

Origin given  
Queries and documents available G#
Clear train, validation, and test splits  
CV folds specified (only Robust04)  

Preprocessing specified

Document filtering (only BioASQ) #
Upper/lower case handling #
Stemming  
Special character handling #
Stopwords handling  
Tokenization #
Base ranker details G#
Automated scripts #

Model approach Deep neural IR model IR baseline

Implementation available with paper G# #
Libraries specified G#  
Feature engineering - G#
Hyperparameter settings  #
Paper self-contained G# G#
Results reported   

Overall assessment

Replicability G# -
Reproducibility - G#

Table 4.1: Reproducibility assessment for deep neural IR model and IR baseline
for paper A.

built index, and the base rankers’ results (runfiles) corresponding to the data
split, and cross-validation fold in the case of Robust04. During the feature
extraction process we also followed the same preprocessing that each paper
specifies, for instance we applied the krovetz stemmer indicated in paper A
or the non-removal of stopwords from paper B (see section 4.1.2). Note that
the features are extracted only for the query-document pairs listed in the cor-
responding data-split/cross-validation-fold base rankers’ runfiles; thus, Lamb-
daMART effectively re-ranks only the top N documents/answers and not the
entire document/answer collection.

The final outcome of this phase is a text file with query-document pair
feature vector with the 24 features specified in table 3.4, one per data split and
cross-validation fold, that are the inputs for the subsequent training, validation,
and testing phases.
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Criteria Assessment

Dataset reconstructability / availability

Origin given  
Questions and answers available  
Clear train, validation, and test splits  

Preprocessing specified

Upper/lower case handling  
Stemming  
Special character handling  
Stopwords handling  
Tokenization  
Automated scripts  

Model approach Deep neural IR model IR baseline

Implementation available with paper  #
Libraries specified  #
Hyperparameter settings  #
Paper self-contained  G#
Results reported   

Overall assessment

Replicability  -
Reproducibility - G#

Table 4.2: Reproducibility assessment for deep neural IR model and IR baseline
for paper B.

Paper Base ranker Hyperparameter Value

A BM25

b 0.75
k1 1.2

top N docs Robust04 1000
top N docs BioASQ 100

B tf-idf

b 0.75
k1 1.2
k3 0.7

top N answers 5

Table 4.3: LambdaMART base rankers hyperparameters. The hyperparameters
b, k, k1, and k3 are the default values from Indri, while the number of top N
docs/answers come defined in the corresponding papers.

Model training with HPO

The training procedure of LambdaMART requires three elements: the training
features set (generated before), a target IR optimization metric, and a hyper-
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parameter configuration. The IR evaluation metrics are already established in
each paper; consequently, we trained LambdaMART with MAP for paper A,
but with P@1 for paper B because accuracy is not an optimization target metric
option in the Ranklib’s implementation of LambdaMART.

Regarding the LambdaMART’s hyperparameter configuration composed by
the number of leaves K, learning rate ρ, and number of trees T, described in
section 2.2.4, we are interested in knowing if there is a hyperparameter con-
figuration that yields better effectiveness results than the default configuration
values from RankLib’s LambdaMART implementation (see table 4.4). Conse-
quently, we first run an experiment training LambdaMART with the default
hyperparameter values and then we compare how efficient random search (RS)
and BOHB HPO methods are to find a (possibly) better hyperparameter con-
figuration in the validation set. Other LambdaMART’s hyperparameters or
configuration options, such as early stopping9, are set to the default values
throughout all our hyperparameter experiments.

For our HPO experiments, we make use of the HpBandSter’s Python im-
plementation10 to compare RS and BOHB. HpBandSter actually minimizes the
loss with respect to the chosen metric11; thus, we establish the loss to be mini-
mized as: (1 - MAP) for paper A and (1 - P@1) for paper B. Note that P@1 is
only employed during the training process but we still measure the effectiveness
of LambdaMART in terms of accuracy according to the pipeline of paper B. We
further define a hyperparameter configuration search space (shown in table 4.4)
with value ranges comparable to those of [137]. The resulting hyperparameter
configuration space has 40,000 possible hyperparameter configurations, out of
which we determine how efficient RS or BOHB are in finding the best hyperpa-
rameter configuration after running a certain number of function evaluations set
to 1000 at max. The successive halving mechanism of BOHB also requires the
definition of a minimum and maximum training budget B (see section 2.5.4).
We express the training budget as the number of training samples (see sec-
tion 3.3.3), and set the budget limits to Bmin=10% and Bmax=100% of the
training samples for the minimum and maximum values respectively.

When RS and BOHB have reached the max number of function evalua-
tions or no improvement has been made after several function evaluations, we
take note of the hyperparameter configuration that yields the minimum loss for
each HPO method. Due to the stochastic nature of the two HPO methods, this
experiment is repeated five times. Although we could have exploited paralelliza-
tion with both RS and BOHB, we evaluated the hyperparameter configurations
one at a time to avoid two issues that BOHB faces when using parallelization:
late prediction model building and delayed stuck in local optimum12. When
the HPO process finishes, we take note of the best hyperparameter configura-
tion found by any of the two methods for each dataset and compare it to the
default hyperparameter configuration computing the IR metric in test set. The

9Early stopping is implemented in RankLib to stop the training of LambdaMART if there
is no improvement after a certain number of boosting iterations.

10https://automl.github.io/HpBandSter/build/html/index.html
11https://automl.github.io/HpBandSter/build/html/quickstart.html#id4
12https://automl.github.io/HpBandSter/build/html/best_practices.html
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Hyperparameter Default value HPO range
min max step

K 10 5 100 5
ρ 0.1 0.01 0.5 0.01
T 1000 100 2000 50

Early stopping 100 - - -
Optimization metric paper A MAP
Optimization metric paper B P@1

Table 4.4: LambdaMART default hyperparameter values and HPO ranges.
Only the hyperparameters K, ρ, and T are subject to HPO in our experiments.
MAP is the optimization metric for paper A, while P@1 replaces accuracy for
paper B.

test effectiveness results are reported in tables 4.5 and 4.6 for Robust04 and
BioASQ respectively.

4.3 IR models’ effectiveness results

In this section we compare the effectiveness results we obtained from the repli-
cation of the deep neural IR models (section 4.1.3), reproduction of the IR
baselines (section 4.1.4), and the application of the LTR model (section 4.2) for
the ad-hoc and QA tasks from papers A and B respectively, and doing so, we
proceed to answer the research question we posed in section 1.3.

4.3.1 Comparing the effectiveness results on the ad-hoc
retrieval task (paper A)

Here we discuss the effectiveness results of the experiments we performed with
the three types of IR models on Robust04 (table 4.5) and BioASQ (table 4.6)
for paper A. We report the test MAP, P@20, and NDCG@20 scores to enable
the comparisons with the results from paper A [80], and also validation MAP to
support our observations with the HPO experiments. Note that the effectiveness
differences between models are small: less than 0.05 points across all metrics
for both datasets; thus, we tested for statistical significance among the models
we replicate/reproduce13 with the paired randomized test specified in paper
A, following the instructions from [80, 58, 115], with a significance level of
0.05. Although not specified in the paper, we decided to apply the Bonferroni
correction to the p-values which is suitable for multiple hypothesis testing [18].
We run the test for 20,000 iterations. We stopped the test if the p-value does not
go over 0.01 or fall under 0.1 after 1,000 iterations. This significance testing
method does not make assumptions over the data distribution unlike other
common tests such as the Student t-test [58].

13To test for significance against the original paper’s results we would require the metrics’
effectiveness scores for every query, but this information is not available.
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IR model MAPval MAPtest P@20test NDCG@20test

BM25 (paper A) - 0.2380* 0.3540* 0.4250*

BM25 (reproduced) 0.2347±0.02 0.2347±0.02(4,7) 0.3464±0.03 0.4166±0.03(4)

BM25+extra features (paper A) - 0.2500* 0.3670* 0.4320*

BM25+extra features (reproduced) 0.2281±0.02 0.2235±0.02 0.3445±0.02 0.3788±0.02
POSIT-DRMM+MV (paper A) - 0.2710* 0.3890* 0.4640*

POSIT-DRMM+MV (replicated) - - - -

LambdaMART+default 0.2292±0.03 0.2189±0.05 0.3356±0.04 0.4002±0.05(4)

LambdaMART+HPO 0.2465±0.03 0.2394±0.04(4,7) 0.3564±0.04(7) 0.4217±0.04

Table 4.5: Effectiveness results on Robust04. (∗) indicates that paper
A does not provide the standard deviation for the CV folds. The su-
perscript numbers indicate statistical significance with respect to: BM25
(reproduced)2, BM25+extra (reproduced)4, POSIT-DRMM+MV (replicated)6,
and LambdaMART+default7, with Bonferroni adjusted p-value < 0.05. The
highest effectiveness value is in bold numbers.

IR model MAPval MAPtest P@20test NDCG@20test

BM25 (paper A) - 0.4610 0.2550 0.5540
BM25 (reproduced) 0.4320 0.4598 0.2557 0.5518
BM25+extra features (paper A) - 0.4870 0.2660 0.5810
BM25+extra features (reproduced) 0.4350 0.4641 0.2609 0.5515
POSIT-DRMM+MV (paper A) - 0.5100 0.2770 0.6030
POSIT-DRMM+MV (replicated) 0.4628 0.4763(2) 0.2617 0.5701(2)

LambdaMART+default 0.4371 0.4703 0.2639 0.5603
LambdaMART+HPO 0.4518 0.4692 0.2605 0.5576

Table 4.6: Effectiveness results on BioASQ. The superscript numbers indicate
statistical significance with respect to: BM25 (reproduced)2, with Bonferroni
adjusted p-value < 0.05. The highest effectiveness value is in bold numbers.

How effective are the reproduced IR baselines BM25 and
BM25+extra?

Rows 1 and 2 in tables 4.5 and 4.6 contain the effectiveness results for the
original and reproduced BM25 models. Albeit not the main target IR baseline
we reproduce for paper A, we use BM25 results as a sanity check before the
application of the other IR models. In fact, we observe that the effectiveness
difference between our results (row 2) and the ones reported in paper A (row
1) for both datasets is very small across all IR metrics; thus, we consider that
we have successfully reproduced the preprocessing conditions to a large extent
in spite of using a different IR toolkit, the lack of details, and the other short-
comings devised in section 4.1.5. In particular, the BM25 results we obtain on
Robust04 are in line with [47] that also uses Indri.

We find unexpected outcomes for BM25+extra, the main IR baseline we
reproduce from paper A. We observe that our results for this model with Ro-
bust04 and BioASQ are 0.02 points or more worse than those reported in paper
A (rows 3 and 4 in tables 4.5 and 4.6 respectively), across all reported IR
metrics. We also realize that BM25+extra falls under BM25 on Robust04 but
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slightly over it on BioASQ. The degraded effectiveness of BM25+extra with
respect to BM25 on Robust04 draws our attention since it re-ranks the BM25
results and uses the BM25 normalized scores as part of its features. The con-
tradictory findings about BM25+extra with respect to the original paper leave
the open question of how the four extra features were exactly generated and
combined. This reproducibility issue could have been circumvented with the
release of the implementation of BM25+extra alongside paper A.

How effective is the replicated deep neural IR model
POSIT-DRMM+MV?

In contrast to Robust04, we actually obtain the effectiveness results for POSIT-
DRMM+MV on BioASQ (recall section 4.1.3). Intriguingly, our effectiveness
results for the best run out of five trials with this model are 0.0327 MAP points
below those reported for the same model (rows 5 and 6 from table 4.6) and
the IR baseline in paper A. This is a surprising outcome since we rely on the
same artifacts that the authors provided for this model, i.e. the intermediate
data elements such as the pretrained word2vec vectors, IDF values, and BM25
top documents and the model’s code implementation (recall section 4.1.2). We
attribute this discrepancy to the random seeds in POSIT-DRMM+MV model.
In fact, the five trials on this model show that the effectiveness can be as low as a
MAP=0.0553 depending on the random seed (see appendix B, table B.1 for the
five trials’ results with mean and standard deviation across the three metrics).
Hence, we argue that executing more trials with different random seeds could
eventually lead to similar results as reported in paper A or perhaps better.
Nonetheless, POSIT-DRMM+MV remains as the most effective model among
the results we obtained for BioASQ, although we find that its effectiveness
improvement is significant only when compared to BM25.

How effective is the proposed LTR baseline LambdaMART with
and without HPO?

The second-last row in tables 4.5 and 4.6 display the effectiveness results for
the LambdaMART model with default hyperparameter values for Robust04
and BioASQ datasets. LambdaMART+default is located on opposite extremes
of the effectiveness scale when compared to the other models depending on
the dataset. Its effectiveness is the lowest for Robust04, but it is only sur-
passed by POSIT-DRMM+MV on BioASQ when considering only the results
we replicated/reproduced. Apart from the sensitivity to hyperparameters, the
disparity we observe in our results could be caused by the sensitivity each
dataset has for the extracted IR features and how they are combined. Likewise
BM25+extra, LambdaMART+default is less effective on Robust04 but more
effective on BioASQ with respect to the other IR models.

How efficient are the HPO methods RS and BOHB? Now, taking into
account the validation MAP scores (second column in tables 4.5 and 4.6), it is
evident that the HPO process enhances the effectiveness of LambdaMART with
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respect to the default hyperparameter values for the two datasets. We found
that depending on the dataset, a different hyperparameter configuration gives
the best effectiveness results, confirming the claims of [63]. The HPO learning
curves for both Robust04 and BioASQ are illustrated in figures 4.4a and 4.4b
respectively. These curves show the max MAP attained after # function eval-
uations with RS and BOHB HPO methods. Both figures unveil similar conver-
gence patterns for the two datasets, although with different MAP ranges. Both
HPO methods start with hyperparameter configurations that perform worst
than the default values. RS is the first to overcome this threshold in less than
five function evaluations. BOHB follows RS closely in Robust04 but is a bit
slower for BioASQ. The curves steadily step up until the 40th function evalua-
tion approximately. They continue growing but at a much slower rate after this
point, meaning that it is much harder to find a better hyperparameter config-
uration later on. We stopped the HPO process after 100 function evaluations
and picked the best hyperparameter configuration found among the two HPO
methods until then. Interestingly, we found the best hyperparameter config-
uration for each dataset with BOHB, notwithstanding the two HPO methods
have almost identical performance when they become stable. However, we note
that BOHB has a larger variance throughout the whole HPO process. The ini-
tial slow convergence of BOHB can be explained by the use of low budgets at
the beginning of the successive halving mechanism, but this in turns speeds up
the overall function evaluation. In average, BOHB completes the 100 function
evaluations 8% and 18% faster than RS for Robust04 and BioASQ respectively.
More details about the chosen optimized hyperparameters, average wallclock-
time, and complementary figures for the HPO process of paper A are presented
in appendix C.

How effective is LambdaMART with HPO? The MAP effectiveness
scores on the test set of Robust04 show that the LambdaMART+HPO im-
provement is significant over LambdaMART+default and BM25+extra. How-
ever, the MAP gain of the validation BioASQ set is not observed in the test set.
Actually, the test effectiveness of LambdaMART+HPO slightly decreases across
the three IR metrics when compared to LambdaMART+default. This indicates
that the hyperparameter configuration found during the HPO process overfits
to the validation set and consequently the model loses generazability power for
unseen data. One factor that could be contributing to this overfitting is the un-
even 100/400 query validation/test split in BioASQ (recall from section 3.2.2),
while in Robust this proportion is 50/50 besides the fact that 5-fold CV is
performed with this dataset. Additionally, the small and not significant effec-
tiveness difference between LambdaMART+default and LambdaMART+HPO
makes them almost indistinguishable when applied to BioASQ. In short, al-
though we observe a slightly higher effectiveness in LambdaMART+HPO for
BioASQ when compared to the IR baselines BM25 and BM25+extra models
we reproduce, the improvement is not significant. This is the same conclusion
we reach for POSIT-DRMM+MV and LambdaMART+HPO.
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(a) Robust04.
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(b) BioASQ.

Figure 4.4: HPO processes performed on the validation sets of Robust04 and
BioASQ for paper A. The blue and orange solid curves represent the average
max MAP over the fives runs of the BOHB and RS HPO methods respectively,
with the error shown as the shaded areas around these curves. The dashed hori-
zontal red line indicates the MAP score reached by the LambdaMART+default
model.

Does the deep neural IR model keep its advantage before the LTR
baseline for the ad-hoc retrieval task? We did not find a significant
difference between POSIT-DRMM+MV and any of the two LambdaMART
variants on BioASQ, while for Robust04 it was not possible to establish the
comparison. However, from the weak IR baseline survey we carried out on
Robust04 in section 2.4.2 we see that all the IR models we experiment with in
this work would be regarded as weak baselines for this dataset.
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4.3.2 Comparing the effectiveness results on the QA task
(paper B)

Here we discuss the effectiveness results of the experiments we performed with
the three types of IR models on TVQA dataset for paper B. Recall that we
redefined the train/val/test splits in section 4.1.2; therefore, we report our
validation and test accuracy results in columns 2 and 3 from table table 4.7
and the test results reported in paper B in column 4 from the same table. We
observe that the test effectiveness results are still very close between the original
and replicated/reproduced models in spite of the data splits redefinition, an
effect that can be ascribed to TVQA’s large amount of data. In contrast to
paper A, the effectiveness differences between the models we try for paper B
are larger: around 0.13 accuracy points between the most and least effective
models. Since paper B does not specify which statistical significance test it
employs, we apply the randomized test explained in section 4.3.1 with the same
p-value threshold, Bonferroni correction, and number of iterations.

IR model Accval* Acctest* Acctest**

tf-idf (paper B) - - 0.5123
tf-idf (reproduced) 0.5194 0.5242 -
TVQA S+Q (paper B) - - 0.6623
TVQA S+Q (replicated) 0.6548 0.6586(2,5,6) -

LamdaMART+default 0.5560 0.5629(2) -
LamdaMART+HPO 0.5591 0.5630(2) -

Table 4.7: Effectiveness results on TVQA. (*) indicates the accuracy on
the redefined validation and test sets. (**) indicates the accuracy on the
original test set from paper B. The superscript numbers indicate statistical
significance with respect to: tf-idf (reproduced)2, LambdaMART+default5,
LambdaMART+HPO6, with Bonferroni adjusted p-value < 0.05. The high-
est accuracy value is in bold numbers.

How effective is the reproduced IR baseline tf-idf?

Rows 1 and 2 of table 4.7 show the effectiveness of the original and reproduced
tf-idf models. Although the exact scoring mechanism varies between the two
tf-idf implementations (see section 4.1.4) and the data splits in which they are
evaluated are not the same, the accuracy difference between them is just above
0.01 accuracy points. Analogous to paper A, we could consider this a sanity
check for the evaluation pipeline up to this point. This is not a surprising out-
come because the preprocessing was already automated by the original authors
and the implementation of the tf-idf baseline did not require specialized steps
like the IR baselines of paper A (recall figure 4.2). Likewise BM25 in paper
A, tf-idf is the base ranker for LambdaMART in the experiments for paper B;
therefore, the successful reproduction of tf-idf underpins the results we later
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obtain with LambdaMART. The effectiveness difference of tf-idf with respect
to the other models leaves no doubt about it being the least effective model.

How effective is the replicated deep neural IR model TVQA S+Q?

Similar to the reproduction of tf-idf, the replication of the effectiveness results
for TVQA S+Q is very close to the numbers reported in paper B as we can
appreciate in rows 3 and 4 of table 4.7. This was the expected result since we
have all the artifacts for replication available as assessed previously in table 4.2,
including the same random seed, in opposition to the deep neural IR model case
from paper A. With our experiments we confirm that TVQA S+Q is the most
effective IR model (based on textual information only) in paper B, and that the
differences it has with the other models are large and significant (>0.13 and
>0.9 accuracy points higher than tf-idf and LambdaMART+HPO respectively).
The large effectiveness difference of TVQA S+Q with respect to the other two
models could be partially explained by the fact that this method uses two text
streams: the subtitles and the questions, while the other models only employ the
subtitles stream, an implementation choice we kept for reproducibility purposes.

How effective is the proposed LTR baseline LambdaMART with
and without HPO?

The last two rows in table 4.7 display the results for LambdaMART+default
and LambdaMART+HPO. Based on the validation and test results (of our data
splits), the two LambdaMART variants have no significant difference among
them; their accuracy in the test set is almost identical. On the other hand, the
difference of around 0.04 accuracy points of these two models with respect to
tf-idf is significant. However, LambdaMART is still far from the deep neural
IR model, regardless the HPO process.

How efficient are the HPO methods RS and BOHB? By checking the
validation accuracy we realize that the HPO process has minimal impact for this
combination of IR model and dataset, contrasting with the results we got in pa-
per A. The HPO process performed for LambdaMART with the TVQA dataset
is shown in figure 4.5. The patterns of the RS and BOHB learning curves are
very similar to what we already described for paper A: both HPO methods start
with worse hyperparameters than the default values, RS surpasses the default
threshold faster than BOHB, but BOHB manages to find the best hyperparam-
eter configuration overall despite having a larger variance. Additionally, BOHB
was 42% faster than RS in completing the 100 function evaluations. Nonethe-
less, finding a better hyperparameter configuration than the default values in
the validation set did not translate in significantly better results in the test set,
as we saw in the preceding paragraph. The details about the chosen optimized
hyperparameters, average wallclock-time, and complementary figures for the
HPO process for paper B are presented in appendix C.
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Figure 4.5: HPO processes performed on the validation set of TVQA for paper
B. The blue and orange solid curves represent the average max accuracy over
the fives runs for the BOHB and RS HPO methods respectively, with the error
shown as the shaded areas around these curves. The dashed horizontal red line
indicates the accuracy score reached by the LambdaMART+default model.

Does the deep neural IR model keep its advantage before the LTR
baseline for the QA task? The TVQA S+Qmodel proves to be significantly
more effective than any of the two variants of LambdaMART we experiment
with. Our proposed LTR model improves over the tf-idf baseline, but the gain
is not enough to be on par of the deep neural IR model proposed for this QA
task.

4.4 Summary
In this chapter we have performed replication and reproduction experiments
for the deep neural IR models and IR baselines for the ad-hoc retrieval task of
paper A and the QA task of paper B. We also assessed the reproducibility of
these models with three criteria: dataset reconstructability, preprocessing, and
model approach.

Then, we proposed the application of LambdaMART, a state-of-the-art LTR
model with and without HPO, as our candidate for strong baseline for the ad-
hoc retrieval and QA tasks. This model was applied as the top ranker in a re-
ranking scheme, where the base ranker position was filled with the IR baselines
BM25 and tf-idf from papers A and B respectively, depending on the IR task.
We extracted 24 content-based IR features to train LambdaMART either with
the default hyperparameter values or executing the HPO process. Additionally,
we benchmarked two different HPO methods: RS and BOHB, to determine
which one is more efficient in finding a better hyperparameter configuration
that beats the default configuration values.

Lastly, we performed an effectiveness comparison of the IR models we ap-
plied for the particular IR tasks and datasets of papers A and B that enabled
us to answer our research question.

73





Chapter 5

Conclusions and Future Work

In this chapter we present the conclusions regarding the approach we followed
and the experiments we performed to fill the gap and answer our research
question. Then, we address the limitations of our work and pose directions for
future work.

5.1 Conclusions

More than ten years ago, Armstrong et al. [11] showed the issues related to the
use of weak IR baselines (non-competitive models that lack the latest advance-
ments in the field). These issues included: the progress stagnation in ad-hoc
retrieval, as evidenced with the Robust04 collection [11, 143]; the weak baseline
selection bias, where these baselines might be purposely selected because they
are easier to beat which favors publication of results; and reproducibility: the
comparison between newly introduced IR approaches with the state-of-the-art
might not be possible if the models’ implementations or other crucial details,
e.g. preprocessing steps or model’s hyperparameters, are not available. More-
over, past weak IR baseline research has mainly focused on the ad-hoc retrieval
task while the reproducibility issues and poor empirical practices when com-
paring different IR models, persist. It has also been suggested that HPO should
be performed when making comparisons to IR baselines, instead of using their
vanilla versions [71, 115].

However, there is still a gap in the coverage of the weak baseline IR research,
as we evidenced with the conducted exploratory analysis of the EMNLP 2018
proceedings. Here we found thirteen cases of week baselines in current deep neu-
ral IR research, spread over different IR tasks, datasets, and IR baselines. Most
of them have not been part of the weak baseline analysis yet. To fill the gap, we
picked two of cases and investigated whether the effectiveness advantage that
their recently proposed deep neural IR models show over the (weak) baselines
also holds when compared to LambdaMART, the state-of-the-art LTR model
we chose to use, plus hyperparameter optimization. The two chosen papers are
about two relevant IR tasks: ad-hoc retrieval (paper A [80]) and QA (paper
B [67]). Then we proceeded with several reproducibility experiments employing
the artifacts provided by these two papers, the deployment of LambdaMART,
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and the effectiveness results comparisons among the applied IR models.

5.1.1 Reproducibility experiments

During our reproducibility experiments, we found that the deep neural IR
model, POSIT-DRMM+MV, and the IR baseline, BM25+extra, from paper
A, are not fully replicable and not fully reproducible respectively on Robust04
and BioASQ datasets. In particular, we can point out that paper A did not
provide the scripts to preprocess the document collections in natural language.
The fact that the provided code was not meant for Robust04 but only for
BioASQ, the unknown random seed for POSIT-DRMM+MV, and the lack of
details for the feature extraction process for BM25+extra were the major re-
producibility challenges for paper A. On the other hand, the deep neural IR
model (TVQA S+Q) and IR baseline (tf-idf) from paper B were fully replicable
and reproducible respectively on TVQA dataset, thanks to the completeness of
artifacts for TVQA S+Q, and the pipeline simplicity for tf-idf. These details
were highlighted in our reproducibility assessment.

Subsequently, we deployed LambdaMART as the top ranker in a re-ranking
scheme, where BM25 and tf-idf constituted the base rankers for paper A and
B respectively. LambdaMART was trained with 24 IR features and we experi-
mented with the default and optimized hyperparameters of LambdaMART. For
the latter we employed the RS and BOHB HPO techniques.

5.1.2 Effectiveness results

The effectiveness results we obtained for POSIT-DRMM+MV and BM25+extra
were noticeably lower than reported in paper A, even though our reproduced
BM25 model achieved effectiveness results comparable to the original ones.
The shortcomings we encounter while recreating the evaluation pipeline for
these models might explain the effectiveness degradation. For example, POSIT-
DRMM+MV was unstable with respect to the random seeds. On the other
hand, the effectiveness results we observed for TVQA S+Q and tf-idf were
very close to those reported in paper B; something that is easier to explain
based on the completeness of artifacts for TVQA S+Q and the simplicity of
implementation of tf-idf, characteristics we also observed in the reproducibility
assessment.

HPO efficiency results. The application of LambdaMART with and with-
out HPO revealed that the BOHB HPO method (with the number of training
samples as budget) was actually more efficient than RS in finding a better
hyperparameter configuration than the default configuration on the validation
set across Robust04, BioASQ, and TVQA, although it showed more variance
than RS. However, the LambdaMART+HPO’s effectiveness was (significantly)
higher on Robust04, lower on BioASQ, and almost the same on TVQA, when
compared to LambdaMART+default. Thus, the HPO process improved the
effectiveness of LambdaMART on Robust04, a relatively small dataset, where
five-fold CV was executed. Meanwhile, the HPO process did not (significantly)
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change the effectiveness of LambdaMART on BioASQ and TVQA, two rela-
tively large datasets with different train, validation, and test splits. There-
fore, the default hyperparameters of LambdaMART already achieve effective-
ness close to the optimal values on BioASQ and TVQA for MAP and accuracy
respectively.

Considering our research question (section 1.3), we found that the deep
neural IR model from paper A, POSIT-DRMM+MV, did not show a significant
effectiveness improvement over the IR baseline, BM25+extra, or over our cho-
sen LTR baseline, LambdaMART (default and HPO variants), for the ad-hoc
retrieval task; which is opposed to the claims of McDonald et al. [80], except for
the fact that we found POSIT-DRMM+MV significantly more effective than
BM25. Meanwhile, the effectiveness of POSIT-DRMM+MV on Robust04 still
requires confirmation. On the other hand, the effectiveness improvement of the
deep neural IR model from paper B, TVQA S+Q, was large and significant over
the IR baseline, tf-idf, and over our chosen LTR baseline, LambdaMART (de-
fault and HPO variants), for the QA task; confirming the findings of Lei et al.
[67].

Finally, observing the effectiveness results we got, those reported in paper
A, and the weak baseline analysis from section 2.4.3, all the IR models we tested
on Robust04 can be catalogued as weak baselines for this dataset, regardless
their condition of traditional, LTR, or deep neural IR models. On the other
hand, it is difficult to make such statement about BioASQ since we are to see
the effectiveness of other IR models that have not been applied yet to this
dataset under the specific conditions described in paper A. Meanwhile, TVQA
S+Q appears as a strong (text-only) IR baseline over the two other models for
the QA task of paper B.

To conclude, we have unveiled current, non-previously studied cases of weak
baselines in deep neural IR research, and we have broaden the coverage of the
weak baseline analysis to QA. At the same time we have built research evidence
that challenges the findings of McDonald et al. [80] and confirms those of Lei
et al. [67] regarding the improvements that new deep neural IR models bring
to the field. We expect that our work encourages further research about the
issues related to the use of weak IR baselines.

5.2 Future work

In this work we have addressed part of the issues regarding weak IR baselines;
however, this research area is wide and pose many questions that are still open
and require further research. Next we present the limitations we found during
the development of our work and directions for future work.

Reproducibility of state-of-the-art models’ results. Previous IR litera-
ture showed that the most effective models for ad-hoc retrieval on Robust04 are
several years old [31, 33, 132]; however, we do not have public available imple-
mentations of these promising models yet in contrast to, e.g. LambdaMART,
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the model we proposed in the present work. Therefore, creating public avail-
able implementations of these models would be beneficial for the IR community.
Another step in the same direction is to release self-contained images of these
models that include all the prerequisites to perform end-to-end effectiveness
replication, as seen in the OSIRRC [73]. We set out to release the code we
developed during this thesis under the same self-contained image format. Ad-
ditionally, we propose to keep replicating/reproducing the effectiveness of new
(deep neural1) IR models to build solid evidence that supports or challenges
the claims made about them; thus, contributing to construct more scientific
knowledge [115]. This also applies to the models found in the leaderboards of
the NLP community.

Coverage of the weak baseline analysis. In our exploratory analysis (sec-
tion 1.4.1) we identified thirteen studies making use of weak IR baselines. We
covered only two of these cases due to human and resource limitations. Nonethe-
less, those studies include IR tasks and datasets that have not been scrutinized
yet. Studying these cases is a good opportunity to have a more complete pic-
ture of the state of affairs concerning weak baselines. We hope that with the
initiatives of banning weak baselines during peer-review [41] the prevalence of
these cases decrease.

Effect of features in LTR and feature engineering. One of the open
questions that our work leaves, is why BM25+extra and LambdaMART+default
performed worse than BM25 on Robust04, given that they re-ranked the top N
BM25 docs and the BM25 scores were one of the features for both top rankers.
Therefore, we suggest experimenting with different feature engineering tech-
niques such as feature selection [42] and feature normalization [74] to assess the
effect of different features on these LTR models. Feature engineering can build
more convincing evidence for empirical comparisons, but it is a lengthy process
that requires domain expertise and might lead researchers to consider that the
required time and effort would be better spent on the hottest research trend.

Different base and top rankers for LTR. During the re-ranking tasks
for papers A and B we constraint ourselves to the use of the same base rankers
employed in the papers, BM25 and tf-idf, for reproducibility purposes. Nonethe-
less, different base rankers could have been applied. In fact, it is intriguing what
would be the outcome of employing a highly effective base ranker (e.g. [33, 31])
and either POSIT-DRMM+MV, LambdaMART, or other rankers on top, just
to name a few examples.

Test BERT. Very recently, BERT [34], a novel deep neural network method
for NLP pre-training, has become the state-of-the-art for a wide variety of NLP
tasks [118, 15, 70]. The impact of BERT has been so sound, that Google itself

1As long as the available resources, e.g. computing time, allow it.
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has decided to update its search engine with it2. Hence, we propose to assess
the effect of BERT on the IR tasks we addressed in this thesis as future work.

Error analysis. In this work we have focused on the reproducibility aspects
of the different models we applied. However, we have not closely examined
where these models actually fail. Error analysis can be employed to detect
the blind spots of each model and, based on this information, improve their
effectiveness. Consequently, we propose to perform the error analysis as future
work.

HPO. In this thesis we limited the scope of HPO to LambdaMART, and kept
the default hyperparameters of the IR baselines, base rankers, and IR features
for reproducibility purposes. Thus, it is an open question what is the effect of
HPO on the intermediate IR models of the evaluation pipeline we employed in
this thesis. Likewise, we propose the experimentation with the training time
and the number of boosting iterations as BOHB budget, instead of the number
of training samples. Additionally, we could also experiment with parallelization
to better exploit the resources of modern computers.

2https://searchengineland.com/faq-all-about-the-bert-algorithm-in-google-
search-324193
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Appendix A

Robust04 cross-validation
results

In this appendix we present the test effectiveness results for BM25, BM25+extra,
LambdaMART+default, and LambdaMART+HPO with five-fold cross-validation
on Robust04.

IR model Fold MAP P@20 NDCG@20

BM25

s1 0.2416 0.3470 0.4188
s2 0.2114 0.3112 0.3748
s3 0.2130 0.3280 0.4081
s4 0.2521 0.3620 0.4337
s5 0.2552 0.3840 0.4474

Mean (±std) 0.2347 (±0.02) 0.3464 (±0.03) 0.4166 (±0.03)

BM25+extra

s1 0.2442 0.3530 0.3950
s2 0.2008 0.3143 0.3402
s3 0.1993 0.3420 0.3832
s4 0.2447 0.3640 0.3975
s5 0.2287 0.3490 0.3783

Mean (±std) 0.2235 (±0.02) 0.3445 (±0.02) 0.3788 (±0.02)

LambdaMART+
default

s1 0.2371 0.3340 0.4085
s2 0.1807 0.2918 0.3475
s3 0.1608 0.2940 0.3482
s4 0.2740 0.3810 0.4542
s5 0.2421 0.3770 0.4426

Mean (±std) 0.2189 (±0.05) 0.3356 (±0.04) 0.4002 (±0.05)

LambdaMART+
HPO

s1 0.2464 0.3470 0.4184
s2 0.2051 0.3071 0.3681
s3 0.2016 0.3320 0.3990
s4 0.2817 0.4010 0.4688
s5 0.2620 0.3950 0.4542

Mean (±std) 0.2394 (±0.04) 0.3564 (±0.04) 0.4217 (±0.04)

Table A.1: Test effectiveness results of four IR models with five-fold cross val-
idation on Robust04. The effectiveness results of the most effective model are
in bold numbers.
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Appendix B

Paper A deep neural IR
model trials

In this appendix we present the results of the five trials with the deep neural
IR model from paper A, POSIT-DRMM+MV.

Run number Random seed MAP P@20 NDCG@20

1 571150660 0.4743 0.2625 0.5672
2 3666550821 0.0692 0.0303 0.0598
3 2967494122 0.4562 0.2521 0.5506
4 395698531 0.4763 0.2617 0.5701
5 606917781 0.0553 0.0115 0.0243

Mean 0.3063 0.1636 0.3544
(±std) (±0.2229) (±0.1305) (±0.2855)

Table B.1: Test effectiveness results of five trials of POSIT-DRMM+MV with
different random seeds on BioASQ. Best achieved run in terms of MAP in bold
numbers.
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Appendix C

HPO process results

In this appendix we present the results for the different HPO methods’ runs
applied to LambdaMART trained with the datasets of papers A and B. A
function evaluation starts with the training of LambdaMART with a particular
hyperparameter configuration until it is evaluated on the validation set of each
dataset (and for each one of the five CV folds in the case of Robust04). We
measure the elapsed wallclock-time for the 100 function evaluations of each
HPO method run. Note that the wallclock-time variations among HPO runs of
the same method for the same dataset is mostly due to the different amount of
time it takes to evaluate LambdaMART with different hyperparameters and.
BOHB tends to spend less time because of the smaller training budgets that are
tried first. The use of smaller training budgets also causes that BOHB starts
the HPO process with a smaller effectiveness than RS.

Below we present the individual tables with the values and figures with the
learning curves for each HPO method applied to each one of the datasets of
papers A and B.

Run
#

Initial Optimized100 wclock100
(min)K ρ T MAP K ρ T MAP

1 41 0.18 209 0.1847 20 0.13 590 0.2403 408.95
2 50 0.43 100 0.1671 20 0.12 350 0.2400 458.48
3 95 0.18 1400 0.1933 80 0.06 1800 0.2399 820.60
4 100 0.24 800 0.1719 25 0.08 1950 0.2428 408.52
5 95 0.10 1450 0.1860 25 0.03 450 0.2465 502.33

Mean
(±std)

0.1806
(±0.01)

Mean
(±std)

0.2419
(±0.00)

519.78
(±172.64)

Table C.1: HPO results of five BOHB runs applied to LambdaMART trained
with Robust04 on validation set with five-fold CV to optimize MAP. Each run
consisted of 100 function evaluations. wclock indicates the elapsed wallclock-
time of each run expressed in minutes. The optimized hyperparameter config-
uration and the corresponding achieved MAP are in bold numbers.
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HPO process results
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Figure C.1: HPO learning curves BOHB for LambdaMART trained with Ro-
bust04 on validation set with five-fold CV to optimize MAP.

Run
#

Initial Optimized100 wclock100
(min)K ρ T MAP K ρ T MAP

1 70 0.45 200 0.1992 35 0.03 1500 0.2443 519.08
2 5 0.41 950 0.2095 75 0.03 1400 0.2398 479.75
3 40 0.28 1500 0.2191 35 0.03 150 0.2439 686.04
4 5 0.24 100 0.1751 25 0.09 1600 0.2398 658.44
5 22 0.54 1858 0.2007 70 0.1 1342 0.2398 481.03

Mean
(±std)

0.2007
(±0.02)

Mean
(±std)

0.2415
(±0.00)

564.87
(±99.76)

Table C.2: HPO results of five RS runs applied to LambdaMART trained with
Robust04 on validation set with five-fold CV to optimize MAP. Each run con-
sisted of 100 function evaluations. wclock indicates the elapsed wallclock-time
of each run expressed in minutes. The optimized hyperparameter configuration
and the corresponding achieved MAP are in bold numbers.
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Figure C.2: HPO learning curves RS for LambdaMART trained with Robust04
on validation set with five-fold CV to optimize MAP.
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Run
#

Initial Optimized100 wclock100
(min)K ρ T MAP K ρ T MAP

1 25 0.04 1700 0.2966 55 0.16 150 0.4431 76.97
2 191 0.32 2877 0.3591 8 0.55 2093 0.4475 40.3
3 60 0.05 1300 0.4087 90 0.13 1750 0.4492 103.01
4 45 0.31 1950 0.3941 55 0.16 200 0.4465 57.26
5 25 0.24 450 0.4281 15 0.07 1400 0.4518 122.29

Mean
(±std)

0.3773
(±0.05)

Mean
(±std)

0.4476
(±0.00)

79.97
(±33.24)

Table C.3: HPO results of five BOHB runs applied to LambdaMART trained
with BioASQ on validation set to optimize MAP. Each run consisted of 100
function evaluations. wclock indicates the elapsed wallclock-time of each run
expressed in minutes. The optimized hyperparameter configuration and the
corresponding achieved MAP are in bold numbers.
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Figure C.3: HPO learning curves BOHB for LambdaMART trained with
BioASQ on validation set to optimize MAP.

Run
#

Initial Optimized100 wclock100
(min)K ρ T MAP K ρ T MAP

1 45 0.06 150 0.4271 85 0.07 1450 0.4457 109.7
2 75 0.08 100 0.4176 90 0.13 1650 0.4492 111.69
3 5 0.46 400 0.4340 5 0.16 1150 0.4480 115.14
4 40 0.29 750 0.4200 55 0.06 1750 0.4451 80.34
5 65 0.50 1350 0.4128 10 0.45 1050 0.4450 73.39

Mean
(±std)

0.4223
(±0.01)

Mean
(±std)

0.4466
(±0.00)

98.05
(±19.59)

Table C.4: HPO results of five RS runs applied to LambdaMART trained with
BioASQ on validation set to optimize MAP. Each run consisted of 100 function
evaluations. wclock indicates the elapsed wallclock-time of each run expressed
in minutes. The optimized hyperparameter configuration and the corresponding
achieved MAP are in bold numbers.
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Figure C.4: HPO learning curves RS for LambdaMART trained with BioASQ
on validation set to optimize MAP.

Run
#

Initial Optimized100 wclock100
(min)K ρ T MAP K ρ T MAP

1 10 0.20 500 0.5554 5 0.44 1350 0.5591 190.72
2 60 0.08 1950 0.5521 45 0.11 1200 0.5580 308.21
3 90 0.03 1100 0.5488 5 0.44 600 0.5591 252.14
4 10 0.18 600 0.5537 45 0.19 1000 0.5587 210.42
5 85 0.01 1600 0.5478 5 0.44 450 0.5590 244.14

Mean
(±std)

0.5516
(±0.00)

Mean
(±std)

0.5588
(±0.00)

241.13
(±45.04)

Table C.5: HPO results of five BOHB runs applied to LambdaMART trained
with TVQA on validation set to optimize accuracy. Each run consisted of 100
function evaluations. wclock indicates the elapsed wallclock-time of each run
expressed in minutes. The optimized hyperparameter configuration and the
corresponding achieved accuracy are in bold numbers.
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Figure C.5: HPO learning curves BOHB for LambdaMART trained with TVQA
on validation set to optimize accuracy.
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Run
#

Initial Optimized100 wclock100
(min)K ρ T MAP K ρ T MAP

1 60 0.09 1550 0.5572 10 0.23 900 0.5584 410.80
2 55 0.01 1050 0.5511 45 0.14 650 0.5583 373.21
3 35 0.09 1350 0.5566 50 0.06 900 0.5580 457.47
4 100 0.39 1450 0.5535 45 0.11 1150 0.5580 433.58
5 100 0.16 350 0.5544 10 0.47 450 0.5583 417.61

Mean
(±std)

0.5546
(±0.00)

Mean
(±std)

0.5582
(±0.00)

418.53
(±31.05)

Table C.6: HPO results of five RS runs applied to LambdaMART trained
with TVQA on validation set to optimize accuracy. Each run consisted of
100 function evaluations. wclock indicates the elapsed wallclock-time of each
run expressed in minutes. The optimized hyperparameter configuration and
the corresponding achieved accuracy are in bold numbers.
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Figure C.6: HPO learning curves RS for LambdaMART trained with TVQA
on validation set to optimize accuracy.
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