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ABSTRACT

Research on neural information retrieval has so far been focused primarily on standard supervised
learning settings, where it outperforms traditional term matching baselines. Many practical use
cases of such models, however, may involve previously unseen target domains. In this thesis,
we first improve the out-of-domain generalization of Dense Passage Retrieval (DPR)—a popular
choice for neural information retrieval (IR)—through synthetic data augmentation only in the source

domain. We empirically show that pre-training DPR with additional synthetic data in its source
domain (Wikipedia), which we generate using a fine-tuned sequence-to-sequence generator, can
be a low-cost yet effective first step towards its generalization. Across five different test sets, our
augmented model shows more robust performance than DPR in both in-domain and zero-shot
out-of-domain evaluation.

We then show that supervised neural IR models are prone to learning sparse attention patterns over
passage tokens, which can result in key phrases including named entities receiving low attention
weights, eventually leading to model under-performance. Using a novel targeted synthetic data
generation method that identifies poorly attended entities and conditions the generation episodes on
those, we teach neural IR to attend more uniformly and robustly to all entities in a given passage.
On two public IR benchmarks, we empirically show that the proposed method helps improve both
the model’s attention patterns and retrieval performance, including in zero-shot settings.
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CHAPTER 1: INTRODUCTION

Information Retrieval (IR) typically involves finding documents relevant to a query from a large
corpus. Retrieval systems are a crucial component of many important natural language processing
applications such as open-domain question answering, web search, claim verification etc. Broadly,
information retrieval can be seen as way in which artificial intelligence can help meet human
information needs. The retrieved information can be at different levels of granularity, which can be
either document-level or passage-level.

Traditional IR methods involve using TF-IDF matching or BM25 term weighting [1] to retrieve
evidence from a corpus. However, since these methods cater specifically to keyword search queries,
more recent approaches [2, 3] in information retrieval have leveraged the advent of large pre-trained
language models [4, 5] to use dense semantic representations for retrieval. Further, this has been
made possible by the availability of tools like FAISS [6], which use specialized indexing schemes
to provide highly efficient search in a dense vector space.

Retrieval models can be evaluated along various dimensions. While the relevance of retrieved
results is of outmost importance, retrieval models are also expected to demonstrate efficiency and
robustness. Efficiency of retrieval can be easily measured in terms of number of queries processed
per second, while also accounting for the size of the index which needs to be stored. However, it is
not straightforward to understand and measure the robustness of IR models. As suggested by [7],
robustness in retrieval models can have various aspects. Some of these include: 1) Robustness to rare

inputs: Queries and passages can contain terms rarely seen in training, which might require exact
matching more than semantic matching; 2) Robustness to corpus variance: Corpus distributions
at test time can be different from those that the model was trained on, meaning retrieval models
cannot be too dependent on corpus specific patterns.

In this regard, one way of measuring robustness is via testing the generalization capabilities
of retrieval models across different domains in zero-shot settings. Recent work [8, 9] has shown
that neural retrieval models can be limited in their out-of-distribution generalization capabilities
and underperform unsupervised lexical matching methods when used in new domains. This is
potentially due to a domain shift as documents in such domains can have specific terminologies.
Further, given little or no labelled data in such domains, it is difficult to adapt the model to these
targeted domains. Hence, it becomes crucial to build general-domain robust retrieval models that
can handle human queries out-of-the-box in various domains such as Wikipedia, news, scientific
text, etc.
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1.1 RESEARCH QUESTIONS

In view of the challenges faced by neural models in IR, this dissertation focuses on the develop-
ment of neural retrieval models that are robust and can work out-of-the-box in different domains.
In this regard, we have explored data augmentation through synthetic pre-training, with additional
tailoring built into the data generation strategy to handle specific model deficiencies. We leverage
pre-trained transformer models [10] to generate high quality synthetic data, both in terms of diversity
[11] and roundtrip consistency [12]. Following are the research questions we aim to answer in this
thesis:

• Can training with more data in the general domain help retrieval models work well
across different domains?: [8] has shown that training with target domain synthetic data
can help improve retrieval performance in that domain. Instead, we investigate whether
the need to generate such synthetic data for each individual domain can be overcome by
leveraging Wikipedia, which contains data from various domains. We aim to explore whether
pre-training using large scale synthetic data generated from Wikipedia results in a single
robust retrieval system that can work out-of-the-box in multiple domains. More details in
Chapter 3.

• What kind of attention patterns do retrieval models learn and how can we improve
them for better robustness?: Robust retrieval models should be able to encode all important
details in a given passage as information relevant to the question could be present anywhere
within it. We aim to understand whether neural models are able to capture all the key-phrases
in the passages. We investigate how we can add more control into the generation of synthetic
data to handle any shortcomings in the attention patterns of such neural retrieval models.
More details in Chapter 4.

1.2 THESIS OUTLINE

This thesis is organized as follows:

• Chapter 2 gives a brief background of traditional term-matching and neural information
retrieval approaches and the corresponding evaluation metrics for the retrieved results.

• In Chapter 3, we propose an unsupervised data-augmentation strategy that generates synthetic
questions from corpus passages. We show that pre-training with such synthetic data makes
the neural model more robust, with improvements in zero-shot performance in both near and
far domains.
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• In Chapter 4, we show that neural models can learn sparse attention patterns, potentially
due to biases in training data. We mitigate this issue with an entity-conditioned question
generation system, that augments the pre-training data with questions that are specifically
about entities in the passages that receive low attentions from the neural model. We show
that this strategy helps the model learn attention patterns that are more robust and spread out,
which leads to improvement in retrieval performance.

• Chapters 5 and 6 contain the conclusions, along with some directions for future work which
can improve robustness of neural models, without the need for generating additional synthetic
data.
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CHAPTER 2: BACKGROUND

In this section, we briefly introduce some information retrieval approaches, including traditional
term-matching approaches, such as TF-IDF (§2.1) and BM25 (§2.2), and neural information
retrieval (§2.3). We’ll further briefly expand on the different kinds of architectures used for neural
IR (§2.3.1) along with some details for the training (§2.3.2) and inference (§2.3.3) phases. Finally,
we describe the various metrics used to evaluate retrieval performance (§2.4).

2.1 TF-IDF

TF-IDF is a statistical technique that assesses how pertinent a word is to a document within
a collection of documents. It is commonly used in search engines, along with being useful for
identifying keyphrases for applications such as text summarization and classification. TF-IDF for a
word in a document is computed using the following metrics:

• Term frequency: This is usually the number of times a word appears in a document, with
more advanced versions adjusting it by the length of the document or by the count of the most
frequent word.

• Inverse document frequency: This is a measure of how rare a word is in the entire
document collection. It is usually calculated by dividing the collection count with the number
of documents that contain a word.

Mathematically, the TF-IDF score for a word w in a document d from a document collection D

is given as:
tf − idf(w, d,D) = tf(w, d) · idf(w,D) (2.1)

where the term frequency tf(w, d) and the inverse document frequency idf(w,D) are calculated as
follows:

tf(w, d) = log(1 + freq(w, d)) (2.2)

idf(w,D) = log(
N

count(d ∈ D : w ∈ d)
) (2.3)

Here, N is the number of documents in the collection and count(d ∈ D : w ∈ d) corresponds to the
number of documents which contain the word w.
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2.2 BM25

BM25, or popularly known as Okapi BM25, is a ranking function used to estimate the relevance
of a text document given the search query. BM25 can be considered as a bag-of-words retrieval
function, since terms are considered based on whether they are present in the document and where
they are present is not of relevance. BM25 is one of the most commonly used first phase ranking
function for ranking text documents.

BM25 builds on top of the TF-IDF formulation, with refinements for how the term frequencies
and inverse document frequencies are combined into a single score. Mathematically, given a query
Q comprising terms q1, q2, ..., qn and a document D, the relevance score of the document is given
as:

Score(Q,D) =
n∑
i

IDF (qi)
f(qi, D) ∗ (k1 + 1)

f(qi, D) + k1 · (1− b+ b · field len
avg field len

)
(2.4)

The individual components of this scoring function are:

• f(qi, D) is the number of times query term qi occurs in document D.

• IDF (qi) is the inverse document frequency of the query term qi. Here this is computed
differently compared to the standard TF-IDF formulation:

IDF (qi) = log(1 +
N − n(qi) + 0.5

n(qi) + 0.5
) (2.5)

where N is the number of documents in the collection and n(qi) is the number of documents
that contain query term qi.

• field len
avg field len

accounts for the length of the document relative to the average document length.
Intuitively, since longer documents can have a higher chance of containing query terms, this
term lowers the score for documents that have more terms that don’t match the query.

• b is a hyper-parameter which controls for document length normalization. Usually, this is set
to 0.75 in elastic search.

• k1 is a hyper-parameter that controls for term-frequency saturation. This is used to limit how
much a single query term can influence the final score.

2.3 NEURAL INFORMATION RETRIEVAL

Neural IR involves the use of deep neural networks for ranking search results corresponding to a
query. This involves learning a semantic representation of the query and the document in order to
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compute the relevance between them. Neural IR involves learning embeddings for terms in both
queries and documents, to enable semantic matching in the embedding space, as opposed to lexical
matching employed by traditional IR methods such as TF-IDF and BM25. In this section, we first
introduce two different types of architectures for neural information retrieval (§2.3.1) along with
the corresponding training (§2.3.2) and inference (§2.3.3) procedures.

2.3.1 Architecture

Most recent approaches to neural information retrieval use transformer-based [13] architectures
for computing the representations of queries and documents. [2, 14, 15] use encoders based on
BERT [5] and obtain state-of-the-art performance for retrieval. In this section, we briefly introduce
the cross-encoder and dual-encoder based architectures for neural information retrieval, which are
typically used for re-ranking and first-step retrieval respectively.

Figure 2.1: Architecture of a dual-encoder model

Dual-Encoder: Given a collection of passages, the dual-encoder model creates an index in
a continuous space to retrieve relevant passages, given an input question. The model uses a
Siamese neural network [16] with separate encoders EQ(.) and EP (.) for the question and passage
respectively, as shown in Figure 2.1. The individual encoders are based on BERT [5] and use the
final hidden representation of the [CLS] token as the output. In a dual-encoder model, the interaction
between the query and the passage occurs only at the final scoring phase, thereby enabling the
representations to be computed independently of each other. As we describe later in Section 2.3.3,
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this is crucial to ensuring first-stage retrieval using dual-encoder models is efficient. The question-
passage similarity is defined as the dot product of their corresponding output representations:

sim(q, p) = EQ(q)
TEP (p) (2.6)

Cross-Encoder: The cross-encoder architecture involves feeding the query and passage as input
together into a single transformer-based encoder E(., .), as shown in Figure 2.2. The model then
outputs a score using the final hidden representation corresponding to the [CLS] token. The
question-passage similarity is computed as follows:

sim(q, p) = WE(q, p) (2.7)

Cross-encoders are more powerful than dual-encoders on account of cross-attention between query
and passage tokens before computing the final similarity score. However, the score needs to
be computed individually for each (query, passage) pair at inference, making it too expensive
for full collection retrieval. Thereby, cross-encoders are typically used as re-rankers to improve
the performance over first-stage retrieval models (which are usually term-matching methods i.e
TF-IDF/BM25 or dual-encoder based models).

Figure 2.2: Architecture of a cross-encoder model.

2.3.2 Training

In this section, we describe the procedure for training a dual-encoder model. [2] demonstrated
that training examples for such a dual-encoder model can be obtained from existing machine reading
comprehension datasets. Each training instance (qi, p

+
i , p

−
i,1, ..., p

−
i,n) contains a question qi, one
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positive passage p+i and n negative passages p−i,j . The training loss is the negative log-likelihood of
the positive passage:

L = − log
esim(qi,p

+
i )

esim(qi,p
+
i ) +

∑n
j=1 e

sim(qi,p
−
i,j)

(2.8)

While negative passages for a given question can be simply sampled from the collection, [2] show
that having a top passage returned by BM25 among the negatives helps improve performance. To
make the training process more efficient, the trick of in-batch negatives [17, 18] is also used.

Figure 2.3: Cross-batch negatives used in [19] along with the traditional in-batch negatives. Here,
A is the number of GPUs and B is the number of questions in each batch.

For each question in a training mini-batch, the following passages are used as negatives: (1) a
passage returned by BM25 that is not labeled positive, (2) positive passages as well as BM25-
retrieved negatives for other questions in the mini-batch. Further, [19] show that, when training
on multiple GPUs, cross-batch negatives can be used to further optimize the training with more
negatives. This is done by sharing the passage embeddings across multiple GPUs, as shown in
Figure 2.3.

2.3.3 Inference

In this section, we’ll briefly describe the inference procedure for a neural retrieval model that
uses a dual-encoder architecture. Recollect that the question-passage similarity in such a model is
computed as:

sim(q, p) = EQ(q)
TEP (p) (2.9)
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We can see that the above equation is decomposable, on account of the scoring using the represen-
tations of the query and the passage from separate encoders. The overall inference procedure is
shown in Figure 2.4.

Figure 2.4: Adapted version of flowchart from [19] showing the overall pipeline during inference.

Inference with dual-encoder models can be efficiently done with the following steps:

1. [Offline] Pre-computing passage representations: Since we assume prior access to the
inference collection (but not the queries), the passage representations can be pre-computed,
independent of the queries, by using the passage encoder. This can be further parallelized
across GPUs and is a one-time operation (assuming the corpus is fixed).

2. [Offline] Indexing passage representations: A dense vector index of the passage representa-
tions is created using FAISS [6].

3. [Online] Computing query representation: Given access to the query at inference, the
query representation is obtained from the query encoder.

4. [Online] Retrieving from index: Approximate nearest neighbour search is used to retrieve
the top-k most relevant passages, given the query. This process involves a matrix product
between the query and individual passage representations, as shown in Figure 2.5.

2.4 METRICS

In this section, we briefly describe some of the evaluation metrics to measure to how relevant the
retrieved results are to a given query. Most metrics assume the availability of binary (relevant/ir-
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Figure 2.5: Figure showing the matrix product between the query and passage representations,
during the approximate nearest neighbour search at inference.

relevant) or multi-level (relevance from 0 to 4) judgements for documents, with those for which
judgements are unavailable being deemed potentially irrelevant.

2.4.1 Precision and Recall

These metrics are computed with respect to the fraction of relevant documents retrieved. For a
given a query q, consider Rq as the documents retrieved for that query from a large collection of
documents D. Given a binary relevance function relq(d) that provides the relevance of a document
d for a query q, the precision and recall are defined as follows:

Precision =
sumd∈Rqrelq(d)

|Rq|
(2.10)

Recall =
sumd∈Rqrelq(d)∑

d∈D relq(d)
(2.11)

2.4.2 Mean Reciprocal Rank (MRR)

Mean reciprocal rank is simply defined as the reciprocal rank of the first relevant document
averaged over all the queries. This metric is also computed for binary relevance judgements. If
rank(d) gives the rank of a retrieved document, the reciprocal rank for a query is defined as:

RR = maxd∈Rq

relq(d)

rank(d)
(2.12)

2.4.3 Mean Average Precision (MAP)

The mean average precision is computed as the mean of the average precision over all the queries.
Given a binary relevance function relq(d) and Precisioni as the precision computed at rank i for a
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query q, the average precision for the query is given as:

AvgP =

∑
d∈Rq

Precisioni · relq(d)∑
d∈D relq(d)

(2.13)

2.4.4 Normalized Discounted Cumulative Gain (nDCG)

This metric is defined for when multi-level judgements are available, for e.g. on a five-point scale
from zero to four. The discounted cumulative gain for a query q is given as:

DCG =
∑
d∈Rq

2relq(d) − 1

log2(rank(d) + 1)
(2.14)

The ideal DCG (iDCG) is computed using the same formula as above, but by assuming that the
documents up to rank k as present in the ideal rank order. Given the iDCG, the normalized DCG
(nDCG) for the query is computed as:

nDCG =
DCG

iDCG
(2.15)
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CHAPTER 3: ROBUSTNESS FROM PRE-TRAINING WITH SYNTHETIC QUESTIONS

3.1 INTRODUCTION

Traditional approaches to information retrieval (IR) such as TF-IDF [20] and BM25 [1] rely
on lexical matching for query-passage alignment. In contrast, neural IR encodes passages and
questions into continuous vector representations, enabling deeper semantic matching. Modern
neural IR systems [3, 21] based on pre-trained masked language models (MLM) [5] typically
employ a dual encoder architecture [22], where two separate MLMs encode the question and the
passage. [2] show that useful weak supervision for such systems can be derived from the related
task of machine reading comprehension (MRC) [23, 24]. Their Dense Passage Retrieval (DPR)
model demonstrates state-of-the-art (SOTA) in-domain performance on multiple Wikipedia-based
datasets [23, 24, 25, 26], outperforming both term matching baselines like BM25 and prior neural
approaches, e.g., the Inverse Cloze Task [3] and latent learning of the retriever during MLM
pre-training [27].

Despite its high in-domain utility, however, [8] show that DPR performance drops significantly
in a novel test domain. They propose target domain synthetic data augmentation as a solution to
this problem, which augments DPR with additional synthetic training data generated from target
domain text. While this approach does indeed improve DPR scores in the new test domain, it has a
key practical limitation: for every new target domain, it requires generating a new synthetic training
corpus and re-training the model. Here we ask if an augmentation approach that only operates once
in the source domain, and does not require re-training every time a new test domain is encountered,
can also help improve domain generalization.

To better understand DPR’s zero-shot out-of-domain (OOD) utility, we first run an empirical
evaluation where both BM25 and DPR are applied to several out-of-domain test datasets. We
observe that (i) DPR still holds an advantage over BM25 in near domain evaluation on Wikipedia-
based datasets, but the difference is considerably lower than in the in-domain case, and (ii) In
the far domain of biomedical text, DPR actually underperforms BM25. Our OOD evaluation is
more comprehensive than [8], demonstrating the zero-shot utility of DPR in a more detailed and
fine-grained manner.

Next we investigate if a one-off pre-training of DPR with large amounts of source domain
synthetic IR data can help improve its robustness to domain shift. Utilization of synthetic training
data is common in related tasks such as machine reading comprehension (MRC) [11, 28, 29].
Nevertheless, a close examination of synthetic pre-training as an augmentation technique is key
for zero-shot neural IR due to the presence of highly effective and domain-agnostic term matching
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baselines like BM25.
We fine-tune a sequence-to-sequence generator on labeled MRC data and use it to generate

synthetic IR examples from source domain passages (§3.2). Our experiments show that pre-training
DPR with these generated examples does indeed improve its accuracy on both in-domain and
out-of-domain test sets. Crucially, the gap with BM25 in far domains is significantly reduced.

Our main contributions are as follows:

• We conduct an empirical evaluation of SOTA neural IR on multiple in-domain and out-of-
domain test sets, showing how its utility varies in different test conditions.

• We show that a one-off source domain synthetic pre-training step can significantly improve
the robustness of neural IR, with improvements on five different test sets, including in the
practical zero-shot setting.

3.2 SOURCE DOMAIN SYNTHETIC PRE-TRAINING

In this section, we describe the procedure for synthetic pre-training of the DPR model. We first
detail how we train the sequence-to-sequence generator and generate source domain syntheic data
from it. Next, we describe how this data is used for training the DPR model.

Let c be a text corpus and d ∈ c be a document. An IR example, more specifically a passage
retrieval example, consists of a question q and a passage p in d such that p contains an answer a to
q. Let s be the sentence in p that contains a.

We first train an example generator by fine-tuning BART [30]—a pre-trained encoder-decoder
language model—to generate an ordered triple (s, a, q) from an input passage p. This procedure
in essence uses generation to first identify a candidate sentence s in p, then extract a candidate
answer a from s, and finally generate a corresponding question q. In practice, we approximate the
generation of s by generating only its first and last words. Finally, (q, p) is retained as a synthetic IR
example. Labeled (p, s, a, q) tuples needed for the supervision of this model are taken from Natural
Questions (NQ) [23], an existing MRC dataset over Wikipedia articles.

With the generator, we produce positive synthetic pre-training examples for DPR from Wikipedia
passages. Following [11], we use top-p top-k sampling [31] to promote diversity in the generated
examples. Training and inference of the synthetic example generator are depicted in Figures 3.1a
and 3.1b, respectively. Figure 3.1c shows two example questions output by the generator from a
Wikipedia passage.

To obtain a negative sample for each generated question q, we retrieve passages from Wikipedia
using BM25 and randomly sample one that does not contain the generated answer a. Following [2],
we also use in-batch negative samples for training. After pre-training with synthetic examples, we
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BART
Encoder

BART
Decoder

NQ Passage

Answer
sentence Answer Question

(a)

BART

Wikipedia
Passage

Synthetic
Training

Fine-
tuning

NQ

... Question...

(b)

History of Tanzania The African Great Lakes nation of Tanzania dates formally from 1964, when it was
formed out of the union of the much larger mainland territory of Tanganyika and the coastal archipelago of
Zanzibar. The former was a colony and part of German East Africa from the 1880s to 1919, when, under
the League of Nations, it became a British mandate. It served as a military outpost ...
when did tanzania became a country in africa?
who owned zanzibar and tanganyika before they were independent?

(c)

Figure 3.1: The proposed IR training pipeline and a synthetic example. (a) A BART encoder-
decoder LM is fine-tuned on NQ for QA example generation; (b) Synthetic examples generated
from Wikipedia passages are used to pre-train the neural IR model before fine-tuning on NQ; (c)
Two synthetic questions output by our synthetic generator using the depicted Wikipedia passage.

fine-tune the model with IR examples derived from NQ. We name this synthetically augmented
DPR model AugDPR. We refer the reader to [2] for a more detailed description of the DPR training
process.

3.3 EXPERIMENTAL SETUP

3.3.1 Datasets

We briefly describe our datasets in this section. Statistics for each dataset are shown in Table 3.1
with some sample questions from each shown in Table 3.2.

Training and In-Domain Evaluation: We train all systems on Natural Questions (NQ) [23], a
dataset with questions derived from Google’s search log and their human-annotated answers from
Wikipedia articles. [32] report that 30% of the NQ test set questions have near-duplicate paraphrases
in the training set and 60–70% of the test answers are also present in the training set. For this reason,
in addition to the entire NQ test set, we also use the non-overlapping subsets released by [32] for
in-domain evaluation.

14



Dataset Domain Passages Questions
NQ Wikipedia 21.0M 3,610
TriviaQA Wikipedia 21.0M 11,313
WebQuestions Wikipedia 21.0M 2,032
WikiMovies Wikipedia 21.0M 9,952
BioASQ Biomedical 37.4M 1092

Table 3.1: Statistics of the retrieval corpora and the test sets we use to evaluate all IR models.

Dataset Question Answers

NQ
what does hp mean in war and order
who was named african footballer of the year 2014

[‘hit points or health points’]
[‘Yaya Touré’]

TriviaQA
Who was the man behind The Chipmunks?
On a standard dartboard, which number lies be-
tween 12 and 20?

[‘David Seville’]

[‘five’, ‘5’]

WebQuestions
who was richard nixon married to?

what highschool did harper lee go to?

[‘Pat Nixon’]
[‘Monroe County High
School’]

WikiMovies
what does Tobe Hooper appear in?
Mick Davis directed which movies?

[‘Body Bags’]
[‘The Match’]

BioASQ
Which receptor is inhibited by bimagrumab?
Which antiepileptic drug is most strongly associ-
ated with spina bifida?

[‘activin type II receptors’]

[‘Valproate’]

Table 3.2: Sample questions from each of the datasets used in evaluation.

Near Domain Evaluation: For zero-shot near domain evaluation, where Wikipedia articles consti-
tute the retrieval corpus, we use the test sets of three existing datasets.
TriviaQA [24] contains questions collected from trivia and quiz league websites, which are created
by Trivia enthusiasts.
WebQuestions (WQ) [25] consists of questions obtained using the Google Suggest API, and answers
selected from entities in Freebase by AMT workers.
WikiMovies [33] contains question-answer pairs on movies, built using the OMDb and MovieLens
databases. We use the test split adopted in [34].

Far Domain Evaluation. For zero-shot far domain evaluation, we use a biomedical dataset.
BioASQ [35] is a competition1 on large-scale biomedical semantic indexing and QA. We evaluate
on all factoid question-answer pairs from the training and test sets of task 8B.

1http://bioasq.org/participate/challenges
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3.3.2 Setup

Training: We train the synthetic example generator using the (question, passage, answer) triples
from NQ. We then randomly sample 2M passages from the 21M-passage Wikipedia corpus and
generate around four synthetic questions per passage. For top-p top-k sampling, we use p = 0.95

and k = 10. During synthetic pre-training of DPR, for each of the 2M passages, we randomly
select one of its synthetic questions at each epoch to create a synthetic training example. After six
epochs of synthetic pre-training, we fine-tune DPR on NQ for twenty epochs to get the AugDPR
model. Table 3.3 gives the hyperparameters for training the generator and Table 3.4 lists the
hyperparameters for pre-training and finetuning the neural IR model.

Hyperparameter Value
Learning rate 3e-5

Epochs 3
Batch size 24

Max Sequence length 1024

Table 3.3: Hyperparameter settings during training the synthetic example generator (BART) using
data from NQ.

Hyperparameter Pre-training Finetuning
Learning rate 1e-5 1e-5

Epochs 6 20
Batch size 1024 128

Gradient accumulation steps 8 1
Max Sequence length 256 256

Table 3.4: Hyperparameter settings for the neural IR model during pre-training on synthetic data
and finetuning on NQ.

Baselines and Metrics: We evaluate BM25 as a term matching baseline. Our BM25 baseline is
based on Lucene2 implementation. BM25 parameters b = 0.75 (document length normalization) and
k1 = 1.2 (term frequency saturation) worked best. As our neural baseline, we use the DPR-single
model trained on NQ and made public3 by [2]. Both DPR and AugDPR use BERT-base-uncased for
question and passage encoding. As in [2], our evaluation metric is top-k retrieval accuracy, which is
the percentage of questions with at least one answer in the top k retrieved passages.

2https://lucene.apache.org/
3https://github.com/facebookresearch/DPR
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3.4 RESULTS

Table 3.5 shows NQ results on the entire test set as well as on the two subsets released by
[32]. Synthetic pre-training yields larger gains on the non-overlapping splits, with up to a 4-point
improvement in top-1 retrieval accuracy.

Model Total No answer overlap No question overlap
Top-1 Top-10 Top-20 Top-1 Top-10 Top-20 Top-1 Top-10 Top-20

BM25 30.5 54.5 62.5 26.4 47.1 54.7 31.0 52.1 59.8
DPR 46.3 74.9 80.1 32.2 62.2 68.7 37.4 68.5 75.3
AugDPR 46.8 76.0 80.8 36.0 65.0 70.8 41.4 70.8 76.6

Table 3.5: NQ top-k retrieval results. Performance improves across the board with synthetic
pre-training (AugDPR), but more on the non-overlapping subsets of [32].

To assess the cross-domain utility of AugDPR, we evaluate it zero shot on both near and far
domain test sets. Table 3.6 shows the results. For comparison, we also show results for supervised
models reported by [2] on TriviaQA and WebQuestions where the DPR model was trained directly
on the training splits of these datasets. For the near domain datasets, both DPR and AugDPR
outperform BM25 by a sizable margin; additionally, AugDPR consistently outperforms DPR.
Furthermore, performance of AugDPR on WebQuestions is comparable to that of the supervised
model. On the far domain, however, we observe that BM25 is a rather strong baseline, with clearly
better scores than DPR. The synthetic pre-training of AugDPR reduces this gap considerably,
resulting in a slightly lower top-20 score but a 2-point gain in top-100 score over BM25.

Near Domains Far Domain
Model TriviaQA WebQuestions WikiMovies BioASQ

Top-20 Top-100 Top-20 Top-100 Top-20 Top-100 Top-20 Top-100
BM25 66.9 76.7 55.0 71.1 54.0 69.3 42.1 50.5
DPR 69.0 78.7 63.0 78.3 69.8 78.1 34.7 46.9
AugDPR 72.2 81.1 71.1 80.8 72.5 80.7 41.4 52.4
Supervised 79.4 85.0 73.2 81.4 - - - -

Table 3.6: Zero-shot neural retrieval accuracy improves with synthetic pre-training (AugDPR) in all
out-of-domain test settings. However, BM25 remains a strong baseline on the far domain dataset of

BioASQ. The numbers for the supervised models are taken from [2].

To investigate the relative under-performance of neural IR on BioASQ, we take a closer look
at the vocabularies of the two domains of Wikipedia articles and biomedical literature. Following
[36], we compute the overlap between the 10k most frequent tokens (excluding stop words) in the
two domains, represented by 3M randomly sampled passages from each. We observe a vocabulary
overlap of only 17%, which shows that the two domains are considerably different in terminology,
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explaining in part the performance drop in our neural models. Based on these results, we also
believe that performance of neural IR in distant target domains can be significantly improved via
pre-training on synthetic examples that are generated from raw text in the target domain. We plan
to explore this idea in future work.

We also examine the lexical overlap between the questions and their passages, since a high
overlap would favor term matching methods like BM25. We find that the coverage of the question
tokens in the respective gold passages is indeed higher in BioASQ: 72.1%, compared to 58.6% and
63.0% in NQ and TriviaQA, respectively.

Model Top-10 Top-20 Top-100
DPR 73.6 78.1 85.0
AugDPR-1M 74.4 79.2 85.5
AugDPR-2M 74.8 79.7 85.9
AugDPR-4M 74.6 79.1 85.9

Table 3.7: Retrieval accuracy on the Natural Questions development set with varying number of
synthetic examples (1M vs 2M vs 4M) during pre-training.

To analyze how much synthetic data is required, we experiment with pre-training using 1M and
4M synthetic examples while keeping the number of training updates fixed. As Table 3.7 shows, we
do not see any improvements from using more examples beyond 2M.

[2] report that DPR fine-tuning takes around a day on eight 32GB GPUs, which is a notable
improvement over more computationally intensive pre-training approaches like [3, 27]. Our
synthetic pre-training takes around two days on four 32GB GPUs, which is comparable with
fine-tuning in terms of computational overhead.
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CHAPTER 4: ROBUST ATTENTION DISTRIBUTIONS FROM PRE-TRAINING WITH
ENTITY-CONDITIONED QUESTIONS

4.1 INTRODUCTION

Neural information retrieval (IR) performs query-passage matching at a semantic level, often
using a dual-encoder architecture that encodes the queries and the passages separately. Examples
of such models include the Dense Passage Retriever (DPR) [2] and ANCE [37], which fine-tune
transformer-based [13] pre-trained language models [5] to compute contextualized representations
of queries and passages.

In this work, we first uncover a shortcoming in the passage encoder of such a dual-encoder IR
model, namely DPR, which stems from its sparse attention pattern. To illustrate, in Figure 4.1
we show a heatmap of the attention weights of DPR’s passage encoder over different tokens of
an example passage (taken from the Natural Questions (NQ) dataset [23]). We can see that the
attention given to many potentially important words and phrases, e.g, academy of management and
twentieth century, are rather low.

Figure 4.1: Heatmap of attention given to each token in DPR’s passage representation. Darker
shading indicates more attention.

What is the effect of such attention, or lack thereof, on retrieval performance? Table 4.1 shows
DPR’s retrieval scores for a gold-standard question (from the NQ dataset) and three automatically
generated synthetic questions (details in Section 4.3) when paired with the passage of Figure 4.1.
The gold-standard question, which overlaps highly with the well-attended first sentence of the
passage, receives a relatively high retrieval score. Among the synthetic questions, the one that refers
to the highest-attended entity (principles of scientific management) gets the highest score, whereas
the ones about less attended entities (twentieth century, progressive era) receive considerably lower
scores.

To further quantify this, we randomly sampled 20k passages from Wikipedia and identified
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Question Type Score
the american mechanical engineer who
sought to improve industrial efficiency

Gold 85.9

who wrote the most influential manage-
ment book of the twentieth century

Synthetic 78.0

who was considered the father of man-
agement during the progressive era

Synthetic 82.2

who wrote the principles of scientific
management

Synthetic 86.8

Table 4.1: Retrieval scores from DPR for the passage in Figure 4.1, against both a gold-standard
question from NQ and three synthetic questions. The important terms in the question, that are also

in the passage, are shown in italic.

named entities that received the highest and lowest attentions from the DPR passage encoder (using
the process described in Section 4.3.1). We then generated synthetic questions corresponding to
those entities (using the process of Section 4.3.2). We observe that on an average, the DPR score
for questions corresponding to the highest attended entities was greater than that for questions
corresponding to the lowest attended entities (73.7 vs. 72.1) in this sample. Further, we see the
following pattern in the distribution of these entities: in a majority of cases (65%), the highest
attended entity in a given passage is present in the first half of the passage, whereas the lowest
attended entity can be found more often in the second half of the passage (60% of the cases). These
observations are indicative of certain biases present in DPR’s passage encoder that prevent it from
attending uniformly over the different named entities in an input passage. We hypothesize that
this bias in passage attentions is likely due to the training data having more questions about the
beginnings of passages, which may limit the effectiveness of neural models.

As models trained on limited amounts of human-labeled data are prone to biases such as these,
here we propose to augment the training data for neural IR with synthetic questions that are
conditioned on the sparsely-attended parts of the passage. Concretely, we generate questions
specifically about entities that receive low attentions from the passage encoder of the neural IR
model. Our experiments show that augmenting the training with such questions does indeed
enable neural IR models to attend more uniformly over passage tokens, resulting in performance
improvements on multiple benchmark datasets.

Recently, there has been interest in understanding the robustness of neural IR models [38] and
analyzing their behavior [39]. Our approach follows this line of work by leveraging the attentions
of an IR model over given passages as a signal for better synthetic data augmentation. Prior work
has also explored synthetic question generation for both question answering [11, 12, 40] and neural
information retrieval [8, 41, 42]; different approaches to generating questions from passages include:
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(a) unconditioned generation [8, 42], (b) generation conditioned on the candidate answer phrases
within the passage [12, 40], and (c) conditioned on the summary of the passage [43, 44]. In contrast,
our approach generates questions that are targeted towards the deficiencies of a given neural IR
model, by conditioning the generation on sparsely attended entities in the passage. As we explain
later in Section 4.3, our proposed methods for both identifying low-attention entities and generating
questions that correspond to them can be leveraged for any dual-encoder IR model, including DPR
[2], ANCE [37] or TAS-B [45].

Our main contributions are as follows:

• We show that a SOTA neural IR model is prone to learning sparse attention patterns over
input passage tokens where key phrases (such as named entities) can receive low attention,
leading to poor retrieval performance.

• We present an analysis of the bias in the Natural Questions[23] dataset and how this affects
neural IR models in terms of retrieval and attention over the passages.

• We propose an entity-conditioned data augmentation strategy that generates questions about
less attended entities in the passage.

• We demonstrate that incorporating these conditionally generated questions into the synthetic
pre-training helps improve both model attention patterns and retrieval performance, including
zero-shot settings.

4.2 BIASES IN THE NATURAL QUESTIONS DATASET

In this section, we give a brief analysis of Natural Questions (NQ) [23] to get an understanding of
the bias in the dataset. The NQ dataset was originally introduced for machine reading comprehension
with both answerable and unanswerable examples (meaning, queries were paired with passages
containing the answer and not containing the answer), but was later adapted by [3] to train IR
systems. In this version of the dataset, each example has a question, answer and a annotator-selected
(gold) passage corresponding to it. The gold passages in the train and dev sets have 5.3 sentences
on average.

We analyze the bias in the NQ training set as follows. We take the first 5 sentences in the gold
passage and check whether each sentence contains the answer or not. Next, for each sentence, we
also compute the extent of overlap of the question with the passage sentence. We only consider the
non-stop words in the questions when computing this overlap. These numbers are shown in Table
4.2 according to the index of the sentence in the gold passage.
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Sentence Index Question Overlap Answer Location
1 26.2% 30.0%
2 22.5% 29.4%
3 19.8% 26.0%
4 16.9% 21.4%
5 13.7% 16.5%

Table 4.2: Measure of presence of the answers and extent of overlap of questions in training set of
NQ, according to sentence index in the gold passage. The Question Overlap column gives the % of

overlap of question words with the words in the nth sentence. Answer Location gives the % of
cases when the nth sentence has the answer within it.

Sentence Index R@20 = 1 R@20 = 0
1 27.9% 16.1%
2 21.9% 17.1%
3 19.7% 16.3%
4 16.6% 14.9%
5 13.1% 10.4%

Table 4.3: Measure of extent of overlap of questions in dev set of NQ, with each sentence in the
gold passage, according to DPR[2] retrieval performance. The R@20 = 1 column gives the % of
question overlap with sentence when gold passage is within the top-20 DPR results and R@20 = 0

column gives the overlap when top-20 results don’t have the gold passage.

Next, we also analyze how the extent of question overlap affects the performance on the NQ
dev set. For this analysis, we consider the Dense Passage Retriever (DPR) [2] that is trained on
the NQ training set. On the NQ dev set, we measure the extent of overlap of the questions with
each gold passage sentence separately according to whether the passage in the top-20 DPR retrieval
results. From Table 4.3, it can be seen that when the gold passage is not in the top-20 results (i.e
R@20 = 0), the question overlap with the first two sentences is considerably lower than when the
gold passage is in the top-20 results (i.e R@20 = 1). Thus, retrieval performance seems to directly
related to the extent of question overlap with the first two sentences. On the other hand, the question
overlap with the latter sentences hasn’t dropped a lot in the R@20 = 0 case.

4.3 AUGMENTING WITH ENTITY-CONDITIONED SYNTHETIC QUESTIONS

To help neural retrievers capture all entities in the passage, we propose to augment the training
data with synthetic questions that are conditioned on the less attended entities in the passage. Our
synthetic data generation process, shown in Figure 4.2, involves the following steps: (a) Identifying
entities with low attention, (b) Generating questions that are conditioned on these entities, and (c)
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Filtering out low-quality synthetic questions. We describe each step in detail.

Figure 4.2: Overall framework of our synthetic data generation process to generate questions about
named entities that receive low attentions from the DPR model.

Figure 4.3: Entities automatically extracted from the passage of Figure 4.1.

4.3.1 Identifying entities with low attention

We use a named entity recognition system to first identify all the entities in a given passage (see
Figure 4.3). Then we compute attentions of the neural IR model over the passage and aggregate
the attentions over the corresponding word-pieces to get the attention for each of the entities in the
passage. Finally, we identify the entities with the lowest attentions. Since DPR’s passage encoder
returns the CLS representation of the final layer as output, we use the attentions from that CLS
token (i.e., where it serves as the query) as our passage attentions.

4.3.2 Entity-conditioned question generation

Given a passage and an entity in that passage, we aim to generate a synthetic question about
that entity using the passage. Specifically, we train a synthetic example generator to take a passage
p, an entity e and generate a question q and its corresponding answer a. To achieve this, we
fine-tune an encoder-decoder language model [10] using examples from existing machine reading
comprehension (MRC) datasets, which take the form of (q, p, a) triples. Given such a triple, we
first identify entities in q that also appear in p. One such entity e is passed as input along with p to
condition the question generation. Following [11], we promote diversity in the generated questions
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Question Conditioned Entity
who was considered the father of man-
agement during the progressive era

Progressive Era

who wrote the principles of scientific
management

Principles of Scientific
Management

who is known as the father of effi-
ciency movement

Efficiency Movement

Table 4.4: Questions output by the synthetic generation system for the passage in Figure 4.3, based
on the entity used for conditioning.

by using top-p top-k sampling [46] during generation. Table 4.4 shows some generated questions
conditioned on entities in the passage of Figure 4.3.

4.3.3 Question filtering

We employ a two-stage filtering process to promote high quality in the synthetic data. In the first
stage, a generated question q is considered to be consistent with the input passage p if a separately
trained MRC model can find an answer to q in p with high confidence. All other questions are
filtered out. Among the remaining questions and their corresponding passages, we expect those
to provide the best complementary signal (relative to existing gold-standard data) for which the
baseline neural IR model has a low retrieval score. Hence, we only include such low scoring (harder)
pairs in the synthetic pre-training set.

4.4 EXPERIMENTAL SETUP

4.4.1 Datasets

We use the 21M Wikipedia passages from [2] as the retrieval corpus for all our experiments.
These passages come from the December 2018 Wikipedia dump, with each article split into text
blocks of 100 words as passages, serving as our basic retrieval units. We use two public IR datasets
in our experiments.

Natural Questions: We train all systems on Natural Questions (NQ) [23], a dataset with questions
derived from Google’s search log and their human-annotated answers coming from Wikipedia
articles. [32] report that 30% of the NQ test set questions have near-duplicate paraphrases in the
training set and 60–70% of the test answers are also present in the training set. For this reason,
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in addition to the original 3,610 test questions, we also report evaluation on the non-overlapping
subsets (1,313 no-answer overlap and 672 no-question overlap) released by [32].

WebQuestions: The dataset consists of questions obtained using the Google Suggest API, with
answers selected from entities in Freebase by AMT workers [47]. We use the 2,032 test questions
in this dataset for zero-shot evaluation.

4.4.2 Baselines

As traditional term matching baselines, we evaluate the TF-IDF system1 from [34] and the BM25
implementation provided by Pyserini2. We evaluate DPR3 as our neural IR baseline4. [2] report that
the performance of DPR is affected by the number of in-batch negatives used in training, which in
turn is dependent on the number of GPUs available. They use 128 in-batch negatives with eight
32GB V100s. Since we only had access to four 32GB V100s, we use 64 in-batch negatives. We
call this implementation DPR (ours).

To compare our approach with a generation strategy that does not use any conditioning, we also
train an unconditioned generation system, similar to [42], that generates question-answer pairs using
just the passage as input. We call this the unconditioned question generator, since the questions
are not conditioned to be about any specific entities. This serves as a baseline question generation
approach and is comparable with prior work [8, 41, 42] in synthetic data generation for IR, which
do not enforce such specific conditioning into the question generation process.

4.4.3 Synthetic Data Generation

To create our synthetic pre-training corpus, first we derive a random sample of passages from
the retrieval collection. We identify the named entities in these passages using a publicly available
NER system5 trained on the OntoNotes corpus [48]. When selecting the entities that are used for
conditioning, the following entity types are considered: Person, NORP, Facility, Organization, GPE,
Location, Product, Event, Work of art, Law and Language. The MRC model used in the first stage
of question filtering is trained sequentially on SQuAD2.0 [49] and Natural Questions [23], with
hyper-parameters shown in Table 4.5.

1https://github.com/efficientqa/retrieval-based-baselines#tfidf-retrieval
2https://github.com/castorini/pyserini/blob/master/docs/experiments-dpr.md
3https://github.com/facebookresearch/DPR
4We note that our approach can be similarly applied to other dual-encoder IR models such as ANCE [37].
5https://demo.deeppavlov.ai
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Hyperparameter SQuAD2.0 NQ
Learning rate 3e-5 2e-5

Epochs 3 1
Batch size 8 48

Max sequence length 384 512
Max question length 64 18

Document stride 128 192

Table 4.5: Hyperparameter settings for training the MRC model used for question filtering.

We train the unconditioned question generator by fine-tuning BART [10] with the question-
passage-answer triples present in NQ. Table 4.6 gives the hyperparameters for training the synthetic
example generator. We fine-tune a separate BART model for conditioned question generation, which
takes a passage-entity pair as input and generates an entity-conditioned question and its answer as
output. We repurpose the NQ dataset for training a conditioned question generation system, by
converting the question-passage-answer triples into (question, conditioned entity, passage, answer)
quadruples. To obtain the conditioning entities used in training, we identify entities from noun
chunks (obtained using spaCy [50]) in the question that also occur in the corresponding passage.

Hyperparameter Value
Learning rate 3e-5

Epochs 3
Batch size 24

Max Sequence length 1024

Table 4.6: Hyperparameter settings during training the synthetic example generator (BART) using
data from NQ.

We use the unconditioned generation system to first generate 1M synthetic training examples.
We then use the conditioned generation system to obtain 500k examples after filtering, and mix
them with 500k unconditioned examples to obtain our final dataset of size 1M, which we call mixed

synthetic data. Since the conditioned data contains questions primarily about less attended entities,
this combination with unconditioned examples helps maintain adequate diversity in the final mixed
dataset. We follow the same process as in [2] and use term matching to sample hard negatives for
the questions.

4.4.4 Training

The DPR baseline is trained only on data fron the Natural Questions dataset [23]. We name the
model pre-trained on the 1M unconditioned synthetic data as UnCon-DPR and the one pre-trained
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Hyperparameter Pre-training Finetuning
Learning rate 1e-5 2e-5

Epochs 10 40
Batch size 512 64

Gradient accumulation steps 8 1
Max Sequence length 256 256

Table 4.7: Hyperparameter settings for the neural IR model during pre-training on synthetic data
and fine-tuning on NQ.

on the 1M mixed synthetic data as Mixed-DPR. Table 4.7 lists the hyperparameters for pre-training
and fine-tuning the neural IR models.

4.5 RESULTS

Model
Natural Questions (NQ) WebQuestions

Full test No ans. overlap No ques. overlap Test
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

TF-IDF 14.2 32.0 13.6 28.6 14.6 31.8 14.5 32.1
BM25 22.7 44.6 20.1 39.6 24.0 43.4 18.9 41.8
DPR (ours) 44.3 67.1 32.2 53.2 37.2 60.1 29.4 51.6
UnCon-DPR 45.8 68.4 32.7 54.4 36.9 60.6 31.5 53.2
Mixed-DPR 45.9 69.0 33.8 55.7 37.9 62.0 32.2 53.9

Table 4.8: Top-k retrieval results (in %) on test sets of Natural Questions (including the
non-overlapping subsets of [32]) and WebQuestions. Numbers on WebQuestions are in zero-shot

settings, since models have been trained on NQ.

Similar to [2], we evaluate all systems using top-k retrieval accuracy, which is the percentage of
questions with at least one answer in the top k retrieved passages. Table 4.8 shows the results for
the term matching and neural models.

Firstly, we can see that the two DPR models with synthetic pre-training improve over the baseline
DPR system. Our Mixed-DPR model, which employs entity-conditioned synthetic questions for
pre-training, consistently outperforms all other models including UnCon-DPR, which is pre-trained
only on unconditioned questions. Crucially, on NQ, we observe greater improvements with Mixed-
DPR on the non-overlapping and thus harder subsets of NQ, which indicates that the robustness of
DPR improves with our proposed data augmentation strategy. Further, we see improvements for
Mixed-DPR in a zero-shot evaluation on WebQuestions.
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4.5.1 Analysis

To investigate the effect of the entity-conditioned questions used in synthetic pre-training, we
examine how their application affects both the passage-level and token-level attentions of the DPR
model.

Passage-level attention distribution. First, we observe that the baseline DPR model (which is
trained only on NQ) tends to attend more to the earlier sentences of a given passage. We therefore
compare attention on the first sentence (computed as the average attention over its tokens) with
average attention on the rest of the sentences in the passage. We sample 10k passages from the
retrieval corpus and compute attentions for the baseline DPR, UnCon-DPR and Mixed-DPR models.
We observe that Mixed-DPR pays 1.8% higher attention to the later sentences of the passage
compared to the baseline DPR model. When compared to UnCon-DPR, this difference is 1.1%.
These results show that Mixed-DPR learns to attend more to the latter sentences of the passage
which, as shown in Figure 4.1, is typically where most of the weakly attended entities of the baseline
model occur.

Token-level attentions. Here, we look at the entropy of token-level attentions in a given passage
for the above models. Entropy here is a measure of the uniformity of a model’s attention over the
tokens in the passage, with a higher entropy indicating a more uniform distribution. For the 10k
passages previously sampled, we see that the baseline DPR, UnCon-DPR and Mixed-DPR models
have attention entropies of 3.97, 3.80 and 4.10 respectively, with Mixed-DPR being the highest.
This suggests that the improvements in top-k retrieval accuracy stem (at least partly) from a more
scattered and potentially more robust attention pattern learned by Mixed-DPR.
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CHAPTER 5: CONCLUSION

We have shown that pre-training a SOTA neural IR model using large amounts of source domain

synthetic data improves its robustness in zero-shot settings. Our experiments show consistent
performance gains on five in-domain and out-domain test sets, including a far target domain that
has significant vocabulary mismatch with the training domain.

We then discovered a specific issue in neural IR systems that stems from sparse attention patterns
learned over input passage tokens, which can lead to sub-optimal performance on queries about less
attended areas of the passage. With targeted synthetic data augmentation, we address this issue for
DPR—a state-of-the-art neural IR model—and enable it to attend more uniformly over passage
tokens. Our proposed method improves performance on two different datasets, and in in-domain as
well as zero-shot evaluation. While our work is an important first step towards solving this problem,
one of the primary goals of this thesis is to draw attention of the community to this important
limitation of supervised neural IR and inspire future research on the topic.
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CHAPTER 6: FUTURE DIRECTIONS

In this thesis, we leveraged synthetic pre-training as a means to help neural retrieval models
overcome shortcomings from training on limited gold-standard data. Here, we propose some
directions for future work that can push towards improving robustness of neural retrieval models,
without the need for an additional synthetic pre-training step. These include: Incorporating multi-
task learning for identifying important parts of the passage (Direction 1); Learning a separate
module for token importance scores, which can be made specific to the domain at hand (Direction

4). One line of work along interpretability would to be understand which tokens in the passage are
pre-dominantly captured in the passage representation (Direction 3). Finally, another interesting
direction would be to improve the diversity of the retrieved passages, to ensure passages with similar
information are not repeated in the top-k results (Direction 2). More details about each below.

Direction 1: Multi-task learning One potential direction is to incorporate additional objectives,
e.g. multitask learning, to help models learn more robust attention patterns without requiring
synthetic data. For example, named entity recognition as an auxiliary task may help the model
identify key phrases in the passages, which in principle can help it to pay more attention to those
during encoding.

Direction 2: Improving diversity of retrieval Another direction is in improving the diversity
of the retrieved passages, in order to maximize the amount of relevant information available for
subsequently answering the question. This can provide better coverage for questions with multiple
correct answers and would also be useful in multilingual settings, wherein different answers can be
present exclusively in different languages.

Direction 3: Understanding token capture Since dual-encoder retrieval models output a single
vector representation, it is difficult to understand which tokens in the passage are captured in the
passage representation. Hence, it would be useful to design a probe that can measure how sensitive
the output representation is to the individual tokens in the passage.

Direction 4: Disentangling importance scores from token representations Neural encoders
currently jointly learn the individual token representations and corresponding importance scores.
One direction would be to disentangle this into two separate modules. In the target domain, one
could then leverage domain-specific language models for obtaining the token representations and
inject domain knowledge while computing the importance scores. This overcomes the need for
labelled domain-specific IR data in order to adapt neural retrieval models to the target domain.
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