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Abstract. An essential task for the design of Question Answering sys-
tems is the selection of the sentence containing (or constituting) the
answer from documents relevant to the asked question. Previous neu-
ral models have experimented with using additional text together with
the target sentence to learn a selection function but these methods were
not powerful enough to effectively encode contextual information. In this
paper, we analyze the role of contextual information for the sentence se-
lection task in Transformer based architectures, leveraging two types of
context, local and global. The former describes the paragraph contain-
ing the sentence, aiming at solving implicit references, whereas the latter
describes the entire document containing the candidate sentence, provid-
ing content-based information. The results on three different benchmarks
show that the combination of the local and global context in a Trans-
former model significantly improves the accuracy in Answer Sentence
Selection.

Keywords: Question Answering · Answer Sentence Selection · pre-trained
Transformer · Deep learning.

1 Introduction

Recent research in Question Answering (QA) mainly addresses two tasks: (i)
Answer Sentence Selection (AS2), which, given a question and a set of answer
sentence candidates (e.g., retrieved by a search engine), consists in selecting the
sentence that correctly answers the question with the highest probability; and
(ii) Machine Reading (MR) comprehension [2], which, given a question and a
reference text, involves finding an exact text span answering it. AS2 research
originated from the TREC competitions [24], which target large databases of
unstructured text. It has the advantage of high efficiency, which enables its use
in real-world applications, e.g., see the study in [5].

Neural models have significantly contributed to both directions with new
techniques [25, 14, 12]. In particular, recent approaches to neural language mod-
els, e.g., ELMO [13], GPT [16], BERT [4], RoBERTa [9], XLNet [3] have led to
major advancements in several NLP subfields. These methods capture depen-
dencies between words and their compounds by pre-training neural networks on
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Table 1. An example of correct answer sentence requiring larger context to be selected.

Question When was Lady Gaga born?

Prev. Lady Gaga is an American singer, songwriter, and actress.
Target She was born in 1986.
Next Both of her parents have Italian ancestry, and. . .

Table 2. Each of the three sentences can be a correct answer. Only the global document
information, e.g., the title and the link between document concepts, allows us to select
the correct sentence.

Question Which role did Bradley Cooper play with Lady Gaga?

doc. title Avengers: endgame - Movie plot
sentence Rocket Raccoon was voiced by Bradley Cooper.

doc. title A star is born - Movie plot
sentence Jackson ”Jack” Maine (Bradley Cooper), a famous country rock singer...

doc. title American sniper - Movie plot
sentence Chris Kyle, the leading actor, was played by Bradley Cooper.

large amounts of data. Interestingly, the resulting models can be easily applied
to different tasks by fine-tuning them on the target training data. The impact of
such methods on AS2, also thanks to transfer learning, is impressive. For exam-
ple, [5] exceeded the state of the art by 50% (relative error reduction) on WikiQA
[28] and TREC-QA [24] datasets. Although this result seems hard to improve, we
note that most previous work does not exploit contextual information in addition
to the candidate sentence with a few exceptions, e.g., [22]. This aspect produces
a suboptimal solution as there can be many cases that contain ambiguities, and
they cannot be solved without other references or context. Formally, the term
context refers to additional linguistic information coming from the source of a
candidate answer sentence, which can be, for instance, the document containing
the sentence, the paragraph, the domain, and so on.

For example, Table 1 shows a simple question asking for the birthdate of
Lady Gaga. The answer is the middle sentence contained in a paragraph of three
sentences. Clearly, an AS2 classifier cannot select the middle sentence with high
reliability since the sentence does not reveal that she refers to Lady Gaga. On
the other hand, AS2 is effective as it targets just one sentence at a time: selecting
an entire paragraph to be sent to the users, often provides them with too much
irrelevant information1. A further example is described in Table 2, where the
question asks for the role of Bradley Cooper in a specific movie. In the same
example, we retrieved three sentences belonging to three different documents
containing movie plots. Each of the three sentences may reasonably be a correct
answer. Also, the title of the movie is not enough to select the right answer and it
can be too far from the “local” context window showed in the previous example.

1 Of course, a solution based on a summarization approach would be optimal but
poses complicated challenges, which have prevented to obtain better solutions than
AS2 (to our knowledge).
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However, “A star is born - Movie plot” is the only document that contains
references to Lady Gaga. This related information allows us to recognize the
correct answer. The two examples describe two different problems in common
QA scenarios. In the first case, the sentence requires a local context to solve
the pronoun she. Conversely, the candidate requires global information from the
whole document to recognize the correct movie in the second example.

It should be noted that (i) previous neural network work, e.g., by [22], used
context for AS2 in a hierarchical gated recurrent network but their accuracy is
10-12 points below the state of the art by [5] (as measured on the same exact
dataset). Thus, it is not clear if their context is really useful for improving AS2
models. (ii) MR models clearly use a larger context but (a) they are not efficient
enough to analyze hundreds of documents for each question, and (b) they target
the selection of any subset of the document. This prevents them to be fast and
accurate for AS2.

In this paper, we propose to model local and global contexts for AS2 by using
multiple sentences and Bag-of-Word (BOW) features in Transformer networks
[23]. More specifically, we consider candidates as a triplet (si−1, si, si+1), where
si is the target answer sentence and si−1 and si+1 are the preceding and the
next sentence of si, respectively. We integrate this triplet in Transformer archi-
tectures by using one single RoBERTa [10] model encoding the three sentences
in three embeddings. Then, we add document-level BOW representation in the
classification layer. We tested our models on three different datasets, Google
NQ and SQuAD adapted for the AS2 task, as well as the well-known WikiQA,
comparing with the very recent state of the art in AS2 [5]. The results clearly
show that local and global contexts can improve AS2 models.

2 Related Work

We consider retrieval-based QA systems, which are mainly constituted by (i)
a search engine, retrieving top-k documents related to the questions; and (ii)
an Answer Sentence Selection (AS2) model, which reranks passages/sentences
extracted from the documents. The task of reranking answer sentence candi-
dates provided by a retrieval engine can be modeled with a classifier scoring the
candidates.

Recent work has proposed neural networks that apply a series of non-linear
transformations to the input question and answer text, represented as composi-
tions of word or character embeddings; and (ii) then measure the similarity be-
tween the obtained representations. Question-to-question and answer-to-answer
patterns are typically important to derive if an answer is correct for a question.
For example, the CNN by [18] has two separate embedding layers for the ques-
tion and answer, and a relational embedding, which aims at connecting them.
More recent work uses attention mechanism, e.g., Compare-Aggregate [30], inter-
weighted alignment networks [20], and pre-trained Transformer models [5].

In particular, the latter has shown to largely outperform any previous ap-
proach in AS2: a simply binary classifier is built by adding a linear layer on top
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of the Transformer architecture, and is fine-tuned with positive and negative
answers. The training of such model can be carried out by using a cross-entropy
binary loss function. Additionally, the approach was highly boosted using out of
domain data, as a first fine-tuning step, followed by a second fine-tuning on the
target data. This procedure was referred to as the TANDA model, i.e., transfer
the pre-trained models on the task, then adapt it to the target domain.

However, the proposed Transformer methods only focus on the similarity be-
tween the question and the candidate sentence pairs, without taking any addi-
tional information into account. Contextual information was already introduced
in neural networks for solving AS2, e.g., [22], by combining question/answer pairs
with context information, selected by applying a similarity between question and
document sentences.

MR research has produced state-of-the-art models, e.g., [15, 26, 1]. By defi-
nition, MR is supposed to exploit a larger context than standard AS2 models,
as their input is an entire abstract. Transformer models limit the input to 512
tokens, which prevent to encode large documents, e.g., webpages. Thus, we can-
not consider them as global models. In contrast, they surely fit the definition of
local context. However, as pointed out in the introduction, they are not enough
efficient to analyze hundreds of documents for each question, which is a require-
ment of real-world applications [11, 21]. Also, they optimize the selection text
sub-sequences, which, is a stronger requirement that does not lead to a better
sentence selection model. Indeed, in our experiments, we show that state-of-the-
art MR systems used for selecting answers are outperformed by AS2 models.

Differently from previous solutions, our model is built with state-of-the-art
Transformer models for AS2. Moreover, our approach is more modular and can be
easily extended with additional context definitions. We also improve the results
from [22] by a huge margin (+12% on WikiQA and +5% on SQuAD).

3 Transformer Models for Answer Sentence Selecting

AS2 is the task of identifying sentences that contain the answer to a given ques-
tion. The task can be modeled with a scoring function that outputs a probability
of correctness for each question/sentence pair, (q, si). Such function can be im-
plemented with a Transformer model as shown in [5]. In the remainder of this
section, we formalize the task and describe a state-of-the-art model based on the
Transformer.

3.1 AS2 definition

Let Q and S be the sets of questions and sentences, respectively, the AS2 task
can be defined as a ranking function r : Q × S → R, which assigns a score to
each possible question/answer pair, where the higher the score is, the higher the
probability of selecting a correct answer candidate is. In other words, we want
to learn r, such that for each q ∈ Q, we select

a = arg max
si∈S(q)

r(q, si)
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as the final answer, where S(q) ⊆ S is the set of answer sentence candidates for
the input question q. For example, S(q) can be built by retrieving sentences from
text repositories such as the web [5, 29]. In this work, we define and develop the
ranking function r with Transformer models.

3.2 Selecting Sentences with a Transformer model

Fig. 1. The q/a pair is codifies as a whole
sequence with special delimiters.

The Transformer is a popular neural
network designed to learn language
models, e.g., dependencies between
words, in a context. Transformer mod-
els have recently been shown to pro-
duce a remarkable impact on AS2,
when used as ranker [19, 5, 7]. Besides
architectural definitions, an impor-
tant advantage of Transformer mod-
els is their ability to be pre-trained
on large-scale corpora, using masked
language and next sentence prediction
tasks [4].

More specifically, Fig. 1 shows the
approach of using a pre-trained Trans-
former for AS2. The question and an-

swer candidate pairs are codified as a joint sequence of tokens with specialized
delimiters and separators, i.e., [CLS] q1 . . . qn [SEP] s1 . . . sm [EOS], where xj

defines the j-th token of the sequence x. [CLS], [SEP], and [EOS] are spe-
cial tokens used to mark the beginning of the sequence, the separation between
question and candidate answer tokens, and the end of the text, respectively.
Several Transformer blocks are applied, and then the representation associated
with [CLS] is used in a linear fully-connected layer to compute the final score
associated with the question/answer pair. The same concepts can be applied to
RoBERTa or other pre-trained Transformer models.

4 Contextual Transformer for AS2

To our knowledge, no Transformer model for AS2 uses context, except for the
information on the sentences. This is critical as a sentence may contain references
to other parts of the text and to external entities (see the example in Table 1).
We enhance the standard Transformer model for AS2 with two types of context:
local and global. The former aims at resolving the coreferences between the
constituents in the candidate answer sentence and its neighborhood sentences
(typically part of the paragraph containing the answer). In contrast, the global
context introduces information concerning the topics and concepts of the entire
document containing the answer sentence.
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4.1 Local context

Given the target answer sentence candidate, si, we extend the standard AS2
model using the preceding, si−1, and the following, si+i, sentences. The (local)
contextual ranker rl takes four elements as input and provides the following
answer:

al = arg max
si∈S(q)

rl(q, si−1, si, si+1),

where S(q) is the set of relevant sentences for the question q and rl is our ranking
function. To implement rl in the RoBERTa model, the input sequence becomes
[CLS] q [SEP] si−1 [SEP] si [SEP] si+1 [EOS]. Additionally, RoBERTa encodes
each input word by using three pieces of information: the token, the sentence,
and the positional embeddings.

Fig. 2. BERT/RoBERTa input sequences.

The first is a standard word-
embedding. The positional em-
bedding describes a token as a
function of its position in the se-
quence. Finally, the sentence em-
bedding defines a token as a func-
tion of the sentence that contains
it. The sentence embedding helps
the model to distinguish between
different input sentences: it can be
seen as a particular word embed-
ding of size four, one entry for each element of the input tuple, (q, si−1, si, si+1).
This embedding plays a crucial role in our model to learn that the instance label
is exclusively associated with the middle sentence. According to the canonical
procedure, the three embeddings are then summed to produce the final repre-
sentation of the sentences to be fed as input to the Transformer. This process
is described in Fig. 2 (see dashed squares). When the preceding sentence si−1
is not available, we consider an empty sequence in our input encoding, that is,
[CLS] q [SEP] [SEP] si [SEP] si+1 [EOS]. In this case, the model is still able
to recognize the different parts of the input thanks to the sentence embedding
and the two consecutive separators. The same strategy holds when the follow-
ing sentence si+1 is missing. Note that the local context is not limited in co-ref
resolution as it also encodes semantic information from the whole sentences.

4.2 Global context

The local context models the information related to the paragraph containing the
candidate answer, and it is helpful to solve coreference problems. However, the
local context is small and does not include other important information. Global
document-based features can provide additional information to the local context,
e.g., the main document topic, which can be used to select the correct sentence.
Our global context describes the document content rather than the structure of
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the paragraph containing the answer. The global ranker rg is defined as

ag = arg max
si∈S(q)

rg(q, si, d(si)),

where d(si) is the document containing si. There are several ways to take global
information into account. We concatenate a bag-of-words (BOW) based feature
vector to the CLS representation developed in the last Transformer layer. Specif-
ically, given a candidate answer si, we firstly compute the representation associ-
ated with the CLS token at the last layer, vCLS . Then, we extract BOW features
from d(si). The BOW vector vBOW contains the frequency of each input word
from the document. It should be noted that the BOW vector contains 50265
components as we considered the same vocabulary used by RoBERTa model.
Hence, the direct concatenation of vCLS and vBOW is not adequate: it may suf-
fer from scaling issues as vCLS consists of only 768 components. To solve this
problem, we apply a random projection over vBOW , that is, ṽBOW = v>BOWW.
W ∈ R50265×768 is the random projection matrix. Finally, we normalize the two
vectors and concatenate them. The classification is then performed using the
RoBERTa’s classification head.

4.3 Combined context

Fig. 3. Model combining global
and local contexts.

Local and global contexts contain different in-
formation, thus their combination can pro-
vide a better model. The complete architec-
ture using global and local contexts, here
named Dual-CTX, is depicted in Fig. 3. A
RoBERTa model receives the question and
the candidate sentence with local context en-
coded as described in Section 4.1. The out-
put of the Transformer is then combined with
the global representation by using the strategy
introduced in Section 4.2. The architecture
is modular and extensible, local and global
feature extraction modules can be easily ex-
changed. This flexibility can lead to the def-
inition of several models. However, our main objective is to show the benefits
of global and local contexts in the AS2 task. The exhaustive evaluation of all
different context combinations and strategies is beyond our scope.

5 Empirical assessment

We carried out comparative experiments to evaluate the local and global contexts
and their combination.
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5.1 Corpora

We used two AS2 corpora, ASNQ, and WikiQA, to empirically assess the pro-
posed contextual architecture. Additionally, to better collocate our research in
a broader QA work, we tested our model on SQuAD, which is a standard MR
dataset, adapted for AS2.

Table 3. Questions (Q) and ques-
tion/answer (QA) pairs available for
training.

Corpus Q QA pairs

ASNQ 59914 21,307,630
WikiQA 2,117 20,374
SQuAD 87,355 448,108

ASNQ, Answer Sentence Natural
Question [5] is a large-scale open-domain
corpus for AS2. The corpus is built by
transforming the recently proposed Natu-
ral Question (NQ) dataset [8] corpus from
MR into AS2. In short, the corpus con-
sists of 57,242 distinct natural questions
for training and 2,672 for development.
For each question, candidate answers have
been extracted from a single Wikipedia
page. The original NQ defines a long answer (typically a paragraph) and a short
answer inside the associated page, whereas the ASNQ splits the document into
sentences, whose binary label is 1 if the sentence contains the short answer, 0 oth-
erwise. The corpus contains 21,307,630 question/answer pairs, with an average
of 356 answer candidates per question.

WikiQA [28] is an open-domain corpus containing queries sampled from
Bing logs. Based on the user clicks, the questions have been associated with
a Wikipedia page (only the summaries were used). We used the clean setting
for which only questions having at least one good and one wrong answer are
considered. The resulting corpus consists of 2,118 training, 126 development, and
243 test questions, with about 10 candidate answers per question on average.
We merged the dev. and test sets as they are too small to derive reliable results
from each of them individually. Overall, we have 2,117 questions and 20,374
question/answer pairs.

SQuAD 1.1, Stanford Question Answering Dataset [17], is a large-scale cor-
pus consisting of questions crowdsourced on a set of 20,000 Wikipedia articles.
The dataset was designed for MR. We transformed it into a corpus for AS2 task,
by applying the same procedure described by [5]. In short, we split each input
paragraph into sentences and labeled those containing the annotated answers as
correct candidates, and all the others as negative candidates. After this prepro-
cessing, our corpus contains 87,355 questions and 448,108 question/answer pairs.
Please note that the results presented in this paper are not directly comparable
to the SQuAD leaderboard2.

The main characteristics of the datasets are briefly described in Table 3.

5.2 Models

We implemented our methods with RoBERTa pre-trained models, using the
shared checkpoint [27]. We fine-tuned the checkpoint on our data by using (i)

2 https://rajpurkar.github.io/SQuAD-explorer/
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Fig. 4. Our three approaches to encode local context: a simple Transformer with ques-
tion/answer pairs (left), the contextual multi-sentence architecture (center), and the
ensemble of Transformers (right).

the Adam optimizer set with the warmup linear scheduler and a learning rate
peak of 1e−6; (ii) the binary cross-entropy loss; (iii) a batch size of 64 examples
on a single GPU to train on WikiQA and SQuAD; and (iii) a batch size of 512
examples distributed on 8 GPUs to train on the ASNQ corpus (which is much
larger). We used the official dev. set to derive the results, thus we set the hyper-
parameters, i.e., learning rate, scheduler, and batch size, on a small portion of
the training set (as our dev. set). We train and test our models on SQuAD and
WikiQA four times and take the average results to account for their variability.

Finally, we also used the models generated with TANDA (transfer and adapt)
approach [5] for WikiQA. The authors apply a first fine-tuning on ASNQ and
then a second fine-tuning on the target data. TANDA is the current state of the
art, 7-10 points better than any other approach on WikiQA. Our models based
on local context are depicted in Fig. 4, and described below:

• Transformer: the Transformer model for AS2 introduced in Sec. 3.2. It
receives the question/answer pair as input without any context.

• Local Triplet (Loc t): the proposed Transformer-based method described
in Sec. 4.1, which relies on three different sentences, i.e., the previous, the target,
and the next;

• Local Ensemble (Loc e): an ensemble of three Transformer models encod-
ing the three pairs, q/si−1, q/si, and q/si+1 and a final linear layer fed with the
concatenation of the [CLS] embeddings of the three models. The latter do not
share their weights except those from [CLS]. The ensemble is the most expensive
approach.

The baseline models for encoding global context are:

• Global BOW (Glob b): the global context described in Sec. 4.2 consisting
of a simple Transformer model with a (compressed) BOW feature set on the top;

• Global Embedding (Glob e): a document embedding constituted by the
average of the embeddings derived from all document sentences. We extract the
sentence embedding using RoBERTa fine-tuned on ASNQ. We concatenate the
average with the [CLS] representation output by the AS2 Transformer model.

We set the max sequence length of the input text to 128 tokens for Loc t,
Glob b/e, and each branch of Loc e, whereas the contextual architecture
Loc t uses sequences up to 256 tokens, which cover a larger input.
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Fig. 5. Local context results (including standard deviation) computed on the dev. sets.

5.3 Results

We tested different context models on three different datasets using the state-of-
the-art model in AS2 as our baseline, i.e., the transformer model made available
in [5]. The latter improves all previous AS2 models 7-10 points, on WikiQA and
TREC-QA datasets.

Local context Fig. 5 shows the Mean Average Precision (MAP) and the Preci-
sion at 1 (P@1) for each epoch for the Transformer, Loc t, and Loc e models.
The plots show two main results: first, the superior accuracy of Loc t is evident
on all corpora, demonstrating that the local context has a positive impact on
the AS2 model accuracy. Additionally, the performance of Loc e method shows
that the mere use of more information is not sufficient: its arrangement into the
model is fundamental. Indeed, the simple aggregation of the three summarized
context vectors seems not able to capture sentence dependencies: disarranged
information produces noise, with a consequent drop in performance.

Next, we used an MR Transformer [27] to implement a sentence selector
model. Our MR approach achieves 0.881 of F1 score on MR task (showing com-
petitive results on the SQuAD leaderboard with respect to single models). Then,
we simply select the sentence from which the MR extracts the answer span to
solve the AS2 task on SQuAD: the model achieves a P@1 of 0.952. Fig. 5 shows
that such model (straight line) is comparable to our baseline (single Transformer
models), whereas Loc t achieves better performance, 0.96. Although this is a
loose comparison, it suggests that our approach may be applied to develop new
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Table 4. Input examples from WikiQA and SQuAD.

q What happened to “The Glades” tv series?
si−1 The Glades was renewed by A&E for a third season on October 18, 2011,

which aired from June 3 to August 12, 2012.
si The show has been renewed for a fourth season.

q What field of computer science is primarily concerned with deter-
mining the likelihood of whether or not a problem can ultimately
be solved using algorithms?

si Closely related fields in theoretical computer science are analysis of algorithms
and computability theory.

si+1 A key distinction between analysis of algorithms and computational complex-
ity theory is that the former. . . , whereas the latter asks a more general question
about all possible algorithms that could be used to solve the same problem.

MR methods. Table 4 illustrates interesting examples of answers correctly se-
lected by Loc t but misclassified by the baseline (which does not exploit any
context). For example, the baseline could not reliably link the show to The
Glades: this prevented to select the correct si as the top answer. In contrast,
Loc t contains such name in si−1.

Global context Fig. 6 shows the MAP and the P@1 achieved by the sim-
ple Transformer and the two global models, i.e., Glob b and Glob e. We also
report the results of the combined model, which includes local and global con-
texts. Finally, we evaluated the models when applied to WikiQA without the
TANDA approach, showing their behavior in a scenario, where there is no large
and general data for the first fine-tuning step of TANDA.

The figure shows that both global methods, i.e., BOW and document em-
bedding, improve the standard model both on WikiQA and SQuAD. We did not
apply Glob B and Glob E to ASNQ as the training has a very large compu-
tational cost. This means that we cannot apply TANDA to WikiQA with such
context. In any case, the global context produces an increase of accuracy on
WikiQA and SQuAD (w/o TANDA). Concerning the combined model, Dual-
CTX improves the overall performance on WikiQA (w/o TANDA) and SQuAD.
It does not improve the MAP of Loc t on WikiQA when TANDA is used, but
P@1 receives a significant boost. This result provides evidence that global and
local features describe different (and potentially orthogonal) information.

It should be noted that we used BOW in the Dual-CTX rather than the
document embedding for computational reasons. The BOW representation can
be efficiently computed, and it does not require dedicated hardware. Conversely,
the document embedding requires the application of a RoBERTa model to each
sentence composing the document. Moreover, the BOW representation can be
highly improved, for instance, by learning the projection matrix. This is an
interesting research line we would like to explore in the future.
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Fig. 6. Global context - empirical results computed on the development sets. The
standard deviation is not always exposed to improve the readability.

6 Conclusion

AS2 is an important IR task, which provides an effective and efficient solution
for the design of automated QA systems. Previous state-of-the-art models for
AS2 only considered the question and the answer sentence candidate, without
taking the context into account, and, to our knowledge, previous work did not
use a context beyond the target sentence with Transformer models.

In this paper, we define two types of context, local and global. The former
tries to solve implicit references in a candidate sentence, and it consists of the
previous and successive sentences of a candidate answer. Conversely, the global
context injects document related information, such as the main content and
topics. We proposed Transformer-based architectures that leverage the different
contexts for AS2. Our empirical assessment shows that our proposed approach
remarkably improves over the TANDA model, which is the state of the art for
AS2, on three different AS2 datasets, i.e., ASNQ, WikiQA, and SQuAD 1.1
adapted for AS2. It should be stressed that we used the model made available
by the TANDA’s authors, thus our results are perfectly comparable with their
model. We also release our contextualized checkpoints and the SQuAD adaption
for AS23. In addition to some follow up in [6], interesting future extensions of
our work regard the extraction of features from the entire rank of documents
retrieved for a question. Clearly, learning to rank features can also improve the
selection of answer sentences.

3 https://github.com/alexa/wqa-contextual-qa
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