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ABSTRACT
We present a study on the importance of information retrieval (IR)
techniques for both the interpretability and the performance of
neural question answering (QA) methods. We show that the current state-of-the-art transformer methods (like RoBERTa) encode
poorly simple information retrieval (IR) concepts such as lexical
overlap between query and the document. To mitigate this limitation, we introduce a supervised RoBERTa QA method that is
trained to mimic the behavior of BM25 and the soft-matching idea
behind embedding-based alignment methods. We show that fusing
the simple lexical-matching IR concepts in transformer techniques
results in improvement a) of their (lexical-matching) interpretability, b) retrieval performance, and c) the QA performance on two
multi-hop QA datasets. We further highlight the lexical-chasm gap
bridging capabilities of transformer methods by analyzing the attention distributions of the supervised RoBERTa classifier over the
context versus lexically-matched token pairs.
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INTRODUCTION

In recent years, the “deep learning tsunami”[11] has proved to be
more successful in learning complex inference required for several
QA tasks. On the other hand, conventional information retrieval
(IR) techniques are widely used for simple retrieval tasks. Although
transformer-based [14] methods have achieved groundbreaking performance in many NLP tasks (especially QA [6]), they have shown
to perform worse than IR techniques on simple retrieval based QA
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tasks [12, 16]. We argue that a generalizable neural QA approach
should solve both the simple lexical-matching (or retrieval) based
questions and the complex-inference based questions altogether.
In this work, we analyze the state-of-the-art transformer based
QA method - RoBERTa[10] for simpler lexical-matching and contextual reasoning propoerties. We first show that the pretrained
transformer methods lack the simple lexical matching capabilities
in both the retrieval and the QA task. This is intuitive, as none of the
components in the pretraining objectives of transformers motivate
simple lexical matching between two sentences[6]. We also show
that when the transformer methods are finetuned for learning a QA
task, they somewhat learn to align the lexical matching words but
distribute substantial attention on the context tokens, thus bridging the “lexical chasm” [1] necessary for complex inference and
reasoning. Hence, we propose a simple strategy to infuse the lexical matching capabilities within RoBERTa using transfer learning
framework. Specifically, we propose a two-stage training process
where the simpler things are learned first i.e., we first fine-tune
RoBERTa by training it to predict unsupervised IR scores, which
motivates learning to lexical match. In the second step, we transfer
this (IR) learned knowledge into the final task by continuing training the model on the gold labels of the final task. We show that this
approach results in (a) end-task performance improvement, and (b)
substantial increase in attention from lexically matched token pairs
on the final prediction. Our key contributions are:
1) We present a simple strategy1 to infuse lexical matching IR
concepts in state-of-the-art transformer method (RoBERTa) and
show that it directly improves the end-task performance.
2) After infusing lexical-matching, we show 3%F1 improvement
on evidence selection task and 4%F1 improvement on the QA task
in MultiRC [9]. These improvements also establish the new stateof-the-art evidence retrieval results on MultiRC, hence directly
improving the explainability of the QA process. We also achieve 1.6%
F1 improvement on AI2 reasoning challenge (ARC) dataset [4]
where the improvement on Easy partition of ARC (having simple
retrieval based questions[4]) is 2%. Importantly, the performance
on the challenge partition of ARC (having questions which require
complex inference and reasoning) is nearly unaffected suggesting
that our approach enhances the simple question solving capabilities
without affecting the other deep inference properties of RoBERTa.
3) We present an attention based interpretability analysis showing
that the RoBERTa model infused with IR concepts indeed pays more
attention to the lexically matching tokens in the QA pair.

2

RELATED WORK

Transformer methods have achieved state-of-the-art (SOTA) performance on several complex reasoning based QA and IR tasks[6, 15,
1 Codes

- https://github.com/vikas95/Lexical_Match_Interpretability

17]. However, they have also achieved low performance on simpler
retrieval based QA tasks [12, 16]. Analyzing attention weights have
been widely studied for interpreting the behavior of neural methods [3]. Especially the attention contribution on lexical-matched
tokens is often studied as a proxy to interpret neural models on
(retrieval based) QA [7] and natural language inference task[8].
Thus, to show the lexical-matching interpretability of the models
in our experiments, we analyze the attention from lexical-matched
token pairs on the final prediction scores of a given task.
IR methods are also widely used for retrieving the knowledge
text which are then fed to a QA method [2]. Recently, the quality
of these knowledge text are given substantial importance as they
provide interpretability of the QA process[9, 15] to humans. We
also experiment with interpretable multi-hop QA (MultiRC[9]) in
this work to analyze the strength/weakness of neural methods on
qualitative knowledge text retrieval task.
Several works have utilized IR scores to train neural methods as
an alternative to annotations in the retrieval tasks [5] often along
with denoising rules[15]. Some of our results also show similar
patterns but the main focus of our work is on inducing and interpreting the lexical matching concepts within the neural methods.
Further, our work focuses on improving the performance of neural
methods on simpler lexical-matching based QA or retrieval task
while maintaining their deep inference properties.

3

TASKS AND APPROACH

We considered two end tasks for evaluating our approach - 1) retrieval of evidence text for better explainable QA process and 2)
QA task itself. We experiment with 2 multi-hop QA datasets which
require knowledge aggregation from >= 2 facts[17].

3.1

Data

Multi-sentence reading comprehension (MultiRC) is a reading comprehension dataset provided in the form of multiple-choice
QA task [9]. Every question is based on a paragraph, which contains
the gold justification sentences for each question. There are two
main tasks in MultiRC - evidence selection and QA. In the evidence
selection task, only the question relevant sentences (known as justifications) are needed to be retrieved which provide QA-pair linking
explanation to the end user. We use all the sentences of a paragraph as candidate justifications for a given question where gold
justification sentences receive the positive label and the remaining
sentences receive the negative label. The retrieved evidence text is
then fed to another answer classification module 2 which predicts if
the candidate answer is correct/incorrect based on the justification
sentences. In MultiRC experiments, we focus on inducing lexical
match just for the evidence selection task. We use the original
MultiRC dataset3 for our experiments.
AI2 Reasoning Challenge (ARC) is a multiple-choice question
answering (MCQA) dataset, constructed from science exam questions. [4]. The dataset has two partitions: Easy and Challenge, where
the latter partition contains the more difficult questions that require
reasoning. ARC also includes a textual knowledge base (KB) which
2 Similar

to [15, 17], we use a seperate RoBERTa as binary classifer for the answer
classification module
3 https://cogcomp.seas.upenn.edu/multirc/

contains 14.3M sentences suitable for solving ARC questions. We
use off-the-shelve BM254 for retrieving question relevant knowledge setences from this KB. Then, we consider the MCQA task as
a binary classification task to find similarity between two text for
each candidate answer. Here, the first text is the concatenated text
of question and the candidate answer (referred to as query) and
the second text is the knowledge sentence retrieved from the KB.
Similar to Yadav et al. [17], we consider k knowledge sentences for
each candidate answer and compute the average of k scores as the
final similarity score. The candidate answer with the maximum similarity score is predicted as the final answer. In ARC experiments,
we focus on inducing lexical match just for the QA task.

3.2

Approach

Our main approach focuses on inducing lexical-matching in neural
methods by training them directly on the scores returned by the
IR methods. Importantly, utilizing unsupervised IR scores is more
pragmatic as IR techniques do not require annotations or any specific structured resources. Our training strategy is divided into two
steps where, lexical-matching is induced in the first step, and the
end-task specific training is continued in the second step.
Step 1 - We first train the RoBERTa for predicting the IR score.
In the evidence retrieval task of MultiRC, the (scaled) IR retrieval
score between the query and the candidate justification becomes
the labelled score. In MCQA task of ARC, the labelled QA score
is the (scaled) averaged IR scores between the query and k knowledge sentences. Specifically, we use the following two standard IR
approaches for computing the retrieval score:
BM25: We use the Lucene’s BM25 for computing similarity scores
between a query and the document [13], using the default values
of hyperparameters.
Alignment: We use the alignment approach of Yadav et al. [16].
The alignment method [18] computes the cosine similarity between
the word embeddings of each token in the query and each token
in the given KB sentence, resulting in a matrix of cosine similarity scores. For each query token, the algorithm selects the most
similar token in the evidence text using max-pooling. At the end,
the element-wise dot product between this max-pooled vector of
cosine-similarity scores and the vector containing the IDF values
of the query tokens is calculated to produce the overall alignment
score s for the given query Q and the supporting paragraph P j :
s (Q, P j ) =

|Q |
X
i =1

idf (q i ) · align(q i , P j )
|P j |

align(q i , P j ) = max cosSim(q i , pk )
k =1

(1)
(2)

where qi and pk are the i th and k th terms of the query (Q) and
justification sentence (P j ) respectively. We train the RoBERTa to
predict this score after scaling it (see eq. (3))
Step 2 - In the second step, we transfer and continue training the
model from the first step on the end task. In this step, the model is
trained on annotated gold labels of justifications in MultiRC and
the annotated correct/incorrect candidate answers in ARC.
We consider the tasks in both steps as a regression task because
of the continuous values of the IR scores. In the first step, the IR
scores are scaled between 0 and 5 using eq. (3).
4 https://lucene.apache.org

#

1
2
3
4
5
6
7
8
9
10

Approach
Unsupervised baselines
BM25 (IR) (Khashabi et al. [9])
Alignment
Pretrained RoBERTa
RoBERTa (BM25scor e )
RoBERTa (Aliдnscor e )
Supervised baselines and previous SOTA
RS (GPT-2) (Wang et al. [15])
AutoROCC (BERT) (Yadav et al. [17])
RoBERTa-retriever
Our approach
RoBERTa (BM25scor e )-retriever
RoBERTa (Aliдnscor e )-retriever

Attention Scores (12th layer)
Lexical-matched
Context

Justification Selection
P
R
F1

Question Answering
F1m
F1a
EM0

42.6
62.4
53.8
63.9

56.1
55.6
54.8
60.9

48.4
58.8
54.3
62.4

64.3
72.6
70.1
72.0

60.0
69.6
67.9
69.8

25.9
21.8
24.6

41.0
54.8
54.6

59.0
45.2
45.4

63.4
64.5

61.1
64.6

60.7
62.3
64.6

73.1
72.9
70.5

70.5
69.6
68.0

20.8
24.7
24.9

47.9

52.1

65.4
65.1

67.1
69.6

66.2
67.3

73.1
74.3

71.2
72.7

25.7
27.1

52.1
52.4

47.9
47.6

Table 1: Performance on the MultiRC development set with official evaluation metrics[9]. RoBERTa (BM 25scor e ) and RoBERTa (Al iдnscor e )
are the RoBERTa model trained on unsupervised BM25 and alignment scores respectively. RoBERTa-retriever is the RoBERTa model trained
for retrieving justification sentences from gold annotated labels. RoBERTa (BM 25scor e )-retriever is first fine-tuned on predicting BM25 scores
and then further fine-tuned on predicting the gold justification selection labels. The numbers in bold indicate the new state-of-the-art results.
Scale(s(Q, Pj )) =

s (Q, P j ) − Smin
∗5
Smax − Smin

(3)

where Smax and Smin are the maximum and the minimum justification retrieval score for a given question.
For the second step, we give the score of 5 for the positive label
and the score of 0 for the negative label. Hence, the first step has
continuous values between 0 and 5 and the second step (end task)
have just two values (i.e., 0 and 5). The hyperparameters used are
common for both the steps except the number of epochs. We found
that training the model for 3 epochs in the first step and 4 epochs
in the second step leads to consistent improvement across all the
settings. The other common hyperparameters are batch size = 32,
maximum sequence length = 128, gradient accumulation step of 8.

4

ANALYSIS AND RESULT DISCUSSION

To understand the changes within the model from infusion of
lexical-matching, we analyze the attention weights of RoBERTa.

4.1

Attention Analysis

The representation of [CLS] token is fed into the linear layer for the
regression task[6]. Hence, we analyze the average contributions
from attention of lexical-matched tokens on the [CLS] representation versus the average contributions from non-lexical-matching
tokens. We compute the attention on the [CLS] from a given token
by summing up the attention scores from all the 12 heads in each
layer[3]. We repeat the same for all the tokens of text 1 (query) and
text 2 (knowledge sentence). Then we average the attention scores
from all the token pairs matching lexically in both text 1 and text 2,
refering it to as lexically-matched attention (LMA) scores. Similarly,
we compute the average attention scores from the other remaining
words in text 1 and text2, refering it to as context attention (CA)
scores. We normalize the attention scores on [CLS] in each layer
such that LMA and CA sum up to 1 for every layer. The LMA scores
for MultiRC justification selection task and ARC MCQA task are
presented in table 1 and fig. 1 respectively.

4.2

Analysis of performance gains

We analyze the gains achieved in table 1 and table 2 after infusing
lexical-matching. As shown in table 2 (rows 11-13), the performance
of RoBERTa(Aliдnscor e )-QA improves majorly on ARC easy which
contains retrieval based questions[4]. Notably, the performance on
ARC challenge which requires complex inference and reasoning,
remains largely unaffected . Hence, our approach that uses transfer
learning allows the model to strengthen its lexical-matching capabilities on the easy questions while still maintaining the complex
reasoning properties for the challenging questions.
In MultiRC5 , the justifications correctly predicted by RoBERTaretriever (row 8, table 1) overlap with only 48.5% and 47.6% of the
justifications correctly predicted by BM25 (row 1) and the alignment
method (row 2) respectively. This overlap of correctly predicted
justifications increases to 55.6% between {RoBERTa(BM25scor e )retriever and BM25} and 55.1% between {RoBERTa (Aliдnscor e )retriever and alignment method} (row 9-10) indicating that the gains
come from solving the simpler lexical-matching based justifications.

4.3

Result discussion

We draw several observations from table 1 and table 2:
• Inducing lexical-matching with training on unsupervised IR
scores improves both the retrieval performance (upto 2.7% F1) (line
9-10 vs line 8 in table 1) and the QA performance ( 2% F1) (line 11-13
vs lines 5-7 in table 2). We did not observe gains from RoBERTa
(BM25scor e )-QA (rows 8-10) in table 2 highlighting that QA is a
more challenging task and imposing strict lexical matching may
(slightly) effect the performance. But, we see consistent improvements with RoBERTa(Aliдnscor e )-QA which uses soft-matching of
token pairs in embedding space rather than strict lexical matching.
• The lexically-matched attention (LMA) scores improve by 14%
after training the RoBERTa on IR scores (row 3 vs rows 4-5 in table 1).
When the training is continued on the gold justification labels,
5 The test set of MultiRC is hidden which is changed periodically[9]. For fair comparison
with previous works, we present the analysis on publicly available dev set

#

Approach

ARC
ARC
ARC
All Challenge Easy
(F1)
(F1)
(F1)

Unsupervised Baselines
BM25 (IR solver) [4]
23.98
59.99
Alignment [17]
26.56
58.36
RoBERTa(BM25scor e ) (k = 3)
40.28
26.19
47.22
RoBERTa(Aliдnmentscor e ) (k = 3) 44.06
30.11
50.92
Supervised Baselines
5
RoBERTa-QA (k = 3)
57.36
42.66
64.56
6
RoBERTa-QA (k = 4)
56.72
41.30
64.30
7
RoBERTa-QA (k = 5)
55.99
41.47
63.13
BM25 fine-tuned RoBERTa
8 RoBERTa (BM25scor e )-QA (k = 3) 56.33
39.42
64.64
9 RoBERTa (BM25scor e )-QA (k = 4) 56.30
39.60
64.52
10 RoBERTa (BM25scor e )-QA (k = 5) 54.39
37.97
62.46
Alignment fine-tuned RoBERTa
11 RoBERTa(Aliдnscor e )-QA (k = 3) 58.47
41.94
66.34
12 RoBERTa(Aliдnscor e )-QA (k = 4) 58.25
41.89
66.29
13 RoBERTa(Aliдnscor e )-QA (k = 5) 56.27
41.55
63.51
Table 2: Performance on ARC test dataset. Notations are same as
1
2
3
4

in table 1 except RoBERTa-QA is the model trained on gold labels
of MCQA task of ARC. RoBERTa (BM 25scor e )-QA and RoBERTa
(Al iдn scor e )-QA are first fine-tuned for predicting BM25 and alignment scores respectively and then further fine-tuned on the gold
MCQA labels. k indicates the number of KB sentences. Bold numbers indicate the best performance amongst transformer models.
Lexical-match Attention Scores
60
54.9

50
40
30

44.2

47.8

32.7

47.5

50.7

52.9

49.6

49.9

53.7

43.2

31.7

20
10
0
layer 9
Pretrained

layer 10
RoBERTa-QA

RoBERTa(BM25_score)-QA

layer 11
RoBERTa(Align_score)-QA

Figure 1: Histogram depicting the lexical-match attention(LMA) scores on
the [C LS ] token across the last 3 layers of RoBERTa trained on ARC.
model tends to attend more on the contextual words and lesser on
lexically-matched words(rows 4-5 vs rows 9-10), hence bridging the
lexical-chasm for reasoning. We see similar attention score patterns
in ARC. Importantly, these patterns are more consistent across
the last 3-4 layers of RoBERTa (as shown in fig. 1) but differences
amongst attention scores tend to diminish in the bottom few layers
which are farthest away from the decision layer.
• RoBERTa(Aliдnscor e )-QA achieves consistent improvements on
ARC easy and maintains close performance (or minute gains) within
the challenge partition (row 5-7 vs row 11-13 in table 2) suggesting
that infusing lexical-matching in QA can benefit the simpler wordmatch question and simultaneously maintain the complex inference
properties required for solving challenging questions.
• Similarly, the gains in MultiRC are likely from the justifications
that can be retrieved with lexical matching(4.2). Overall, the increase in LMA scores point towards the increased performance of
justification retrieval and retrieval based questions, hence improving the interpretability of RoBERTa on simpler retrieval tasks.

5

CONCLUSION

We highlighted the lack of lexical-matching in neural methods. We
presented a simple approach to infuse lexical matching using unsupervised IR methods into a state-of-the-art transformer method
- RoBERTa. We show that infusing lexical-matching improves the
performance on simpler retrieval based question and the (justification) retrieval task itself. Importantly, our proposed strategy does
not effect the deeper inference properties of RoBERTa necessary for
bridging the lexical-chasm in QA. Finally, we show that the best retrieval and QA performance can be achieved by creating a balance of
attention from both the lexical-matching and contextual-inference.
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