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Abstract. In the Query Focused Abstractive Summarization (QFAS)
task, the goal is to generate abstractive summaries from the source docu-
ment that are relevant to the given query. In this paper, we propose a new
transfer learning technique by utilizing the pre-trained transformer archi-
tecture for the QFAS task in the Debatepedia dataset. We find that the
Diversity Driven Attention model (DDA), which was the first model ap-
plied on this dataset, only performs well when the dataset is augmented
by creating more training instances. In contrast, without requiring any
in-domain data augmentation, our proposed approach outperforms the
DDA model as well as sets a new state-of-the-art result.
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1 Introduction

In abstractive text summarization task, the goal is to create summaries contain-
ing novel words or phrases which have not appeared in the source document. In
the query focused summarization task, a query is also given along with docu-
ment(s) and the aim is to generate summaries based on the relevance between
the query and the document(s) [13]. While significant research has been done on
different datasets for generic abstractive summarization, the number of datasets
available for query-based abstractive summarization is very small [1, 13]. For the
QFAS task, two of the most used datasets are the Debatepedia dataset4 [8] and
the datasets based on Document Understanding Conferences (DUC) between
2005 and 2007 [1]. However, these datasets are very small in size compared to
the generic abstractive summarization datasets.

To address this problem, we introduce a transfer learning approach for the
QFAS task based on the transformer architecture by first pre-training our model
on a large generic abstractive summarization dataset followed by fine-tuning it
for the QFAS task via incorporating query relevance. Our contributions pre-
sented in this paper are summarized as follows. First, we propose a transfer

4 http://www.debatepedia.org/
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learning technique with transformer for the QFAS task. To the best of our knowl-
edge, this is the first work where transfer learning is utilized with transformer for
QFAS. Second, we perform extensive experiments on the Debatepedia dataset
and observe a new state-of-the-art result with our proposed approach. Unlike the
DDA model [8], which we find that fails to perform well without augmenting the
training data, our approach does not require any in-domain data augmentation.
Finally, we make the source code of this work publicly available5.

2 Related Work

Recently, researchers have applied various neural models based on encoder-
decoder architecture to generate abstractive summaries [7, 10]. A major problem
of such models is that they tend to repeat the same word multiple times and thus
produce non-cohesive summaries. See et al. [11] address the problem by utilizing
the Pointer Generation Network (PGN) which discourages repetition using a
copy and coverage mechanism. More recently, the Bidirectional Encoder Repre-
sentations from Transformers (BERT) architecture for SUMmarization (BERT-
SUM) [4] model obtained state-of-the-art-results which used BERT [2] as encoder
and transformer decoder [12] as decoder for abstractive summarization.

While significant progress has been made on generic abstractive summariza-
tion, applying neural encoder-decoder models for query focused summarization
has been rare [1]. One notable exception is the Diversity Driven Attention (DDA)
model [8], which alleviates the problem of repeating phrases and can focus on
different portions of a document based on a given query at different times. How-
ever, their Debatepedia dataset is very small compared to the datasets used
for generic abstractive summarization. [1, 4, 11]. Thus, the lack of large training
data makes the QFAS task on this dataset a few-shot learning problem. To tackle
this issue, the Relevance Sensitive Attention for Query Focused Summarization
(RSA-QFS) [1] utilized transfer learning by first pre-training the PGN model
on large generic abstractive summarization dataset and then incorporated query
relevance into the pre-trained model to generate query focused summaries. How-
ever, they did not fine-tune their model on QFAS datasets and obtained a very
low Precision score [1]. In contrast to the above body of work that are based
on Recurrent Neural Network (RNN) models, we utilize the transformer archi-
tecture along with leveraging transfer learning and fine-tuning since the former
and the latter with the transformer based models have been found to be more
effective on various natural language processing tasks [2, 3].

3 Our Proposed Approach

Let’s assume that we have a query q = q1, q2, ..., qk containing k words and a
source document d = d1, d2, ...dn containing n words. Our task is to generate a
contextual summary y = y1, y2, ...ym containing m words. In other words, our
goal is to find the summary y∗ that maximizes the probability p(y|q, d).

5 https://github.com/tahmedge/QR-BERTSUM-TL-for-QFAS
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Fig. 1. Our proposed approach works in two steps: (a) Pre-train the BERTSUM model
on a generic abstractive summarization corpus (e.g. XSUM) and (b) Fine-tune the pre-
trained model for the QFAS task on the target domain (i.e. Debatepedia).

To achieve this goal, our proposed method adopts the BERTSUM model [4]
which used transformer-based architecture for abstractive summarization. How-
ever, the BERTSUM model was designed for a generic summarization task with-
out considering the query relevance [4]. Therefore, we incorporate query rele-
vance (QR) and transfer learning (TL) within the BERTSUM model for the
QFAS task. More specifically, our model (denoted as QR-BERTSUM-TL) per-
forms the QFAS task in two steps as shown in Figure 1. In the first step, we
pre-train the BERTSUM model on a large training corpus of generic abstractive
summarization. Then, we fine-tune the pre-trained model for the QFAS task by
utilizing the query relevance. In the following, we describe these steps.

1) Pre-training the BERTSUM Model: In this step, we pre-train the
BERTSUM model on a large generic abstractive summarization dataset. Among
the datasets used for BERTSUM [4], the XSUM6 dataset was the most abstrac-
tive one containing highest number of novel bi-gram. Therefore, we pre-train
the BERTSUM model on this dataset. During the training process, the model
utilizes the pre-trained BERT model [2] as the encoder and the randomly ini-
tialized Transformer decoder [12] as the decoder. However, the original BERT
model inserted the special token [CLS] at the beginning of only the first sentence.
In contrast, the BERTSUM model inserts the [CLS] token at the beginning of
each sentence. Moreover, each sentence-pair in BERTSUM is also separeted by
the [SEP] token.

2) Incorporating Query Relevance and Fine-tuning BERTSUM: In
this step, we fine-tune the BERTSUM model on the Debatepedia dataset which
was pre-trained on the XSUM dataset. During fine-tuning, we incorporate the
query relevance by concatenating the query with the document as the input of
the encoder (see Figure 1b). We do this because we find that a similar approach
of concatenating question with document works well for the question-answering
task [3]. Through this process, our model is adapted in the target domain.

6 https://github.com/EdinburghNLP/XSum/tree/master/XSum-Dataset
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4 Debatepedia Dataset

Debatepedia is an encyclopedia of pro and con arguments and quotes on debate
topics. Nema et al. [8] utilized Debatepedia to create a dataset for the QFAS
task [8]. The average number of words per document, summary, and query in
the Debatepedia dataset is 66.4, 11.16, and 9.97 respectively. They used 10-fold
cross validation in their experiments with the DDA model on this dataset. The
average number of instances in each fold is 10,859 for training, 1,357 for testing,
and 1,357 for validation respectively. However, we find in the source code7 of the
DDA [8] model that the dataset was augmented to create new training instances.
In the augmented dataset, the test and validation data were the same as the
original, but the average training instances in each fold were 95,843. Since the
original paper [8] did not address the data augmentation approach, we briefly
explain this process below based on the source code7 of DDA.

Augmenting the Debatepedia Dataset: For data augmentation, a pre-
defined vocabulary of 24,822 words was used where each word had been associ-
ated with a synonym. Then for each training instance, N (10 ≤ N ≤ 17) words
in each document and M (1 ≤ M ≤ 3) words in each query were randomly
selected (except stop words and numerical values) and then replaced with their
synonyms found in the vocabulary. If a selected word was not found in the vo-
cabulary, it was added there with the most similar word found based on cosine
similarity in the GloVe [9] vocabulary. For each training instance, this process is
repeated 8 times to create 8 new document and query instances. But the same
summary of the original instance was used in the newly generated instances.

In this work, we did not leverage any data augmentation. We used the original
Debatepedia dataset for evaluation and pre-processed it by removing the start
token <s> and the end token <eos> to evaluate our QR-BERTSUM-TL model.

5 Experimental Setup

In this section, we describe the baselines used to evaluate the effectiveness of our
proposed approach followed by the training parameters used in our experiment.

5.1 Baselines

We consider the following models as baselines:
QR-BERTSUM: This model adopted the BERTSUM architecture [4] and

incorporated Query Relevance (QR) by concatenating the query with the docu-
ment. We trained it end-to-end on the original version of Debatepedia Dataset.

BERTSUMXSUM: This baseline used the BERTSUM model pre-trained on
the XSUM dataset and did not do any fine-tuning on the Debetepedia dataset.

We also compared our proposed model with the current state-of-the-art in
the Debatepedia dataset RSA-QFS + PGN model [1] as well as the first model
proposed for this dataset, the DDA model [8]. In addition, we experimented with
DDA on both the original and augmented versions of the Debatepedia dataset.

7 https://git.io/JeBZX
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Table 1. Performance of different models. Here, ‘*’ denotes ‘our implementation of
DDA’. ‘R’, ‘P’, and ’F’ denote ‘Recall’, ‘Precision’, and ‘F1’ respectively. The ‘Original’
and ‘Augmented’ versions of DDA are denoted by ‘ORG’ and ‘AUG’ respectively.

MODEL ROUGE-1 ROUGE-2 ROUGE-L
R P F R P F R P F

QR-BERTSUM 22.31 35.68 26.42 9.94 16.73 11.90 21.22 33.85 25.09

BERTSUMXSUM 17.36 11.48 13.32 3.03 2.47 2.75 14.96 9.88 11.46

DDA*(ORG) 7.52 7.67 7.35 2.83 2.88 2.84 7.13 7.54 7.24

DDA*(AUG) 37.80 47.38 40.49 27.55 33.74 29.37 37.27 46.68 39.90

DDA[8] 41.26 - - 18.75 - - 40.43 - -

RSA-QFS + PGN[1] 53.09 - - 16.10 - - 46.18 - -

QR-BERTSUM-TL 57.96 60.44 58.50 45.20 46.11 45.47 57.05 59.33 57.73

5.2 Training Parameters

To pre-train the BERTSUM model on the XSUM dataset, we kept the parame-
ters similar to the original work [4]. To fine-tune it on Debatepedia, we set new
values to the following parameters: batch size = 500, warmup steps encoder =
6000, warmup steps decoder = 2000, and total training steps = 60000.

6 Results and Discussions

Experimental results of our proposed approach and other models are shown in
Table 1. We report the ROUGE-1, ROUGE-2, and ROUGE-L scores8 which were
calculated based on the average across 10-folds. Among the baselines, both QR-
BERTSUM and BERTSUMXSUM models outperform the DDA*(ORG) model
for few-shot learning. Moreover, the transformer based QR-BERTSUM outper-
forming the RNN based DDA*(ORG) model suggests the effectiveness of using
transformer instead of RNN. We find that data augmentation significantly im-
proves the performance of DDA, with the DDA*(AUG) model outperforming all
baselines. As our result with DDA*(AUG) could not fully reproduce the result in
[8], we assume that different pre-processing settings could be the possible reason
behind this since Nema et al. [8] did not mention their pre-processing approach.

When we compare our proposed QR-BERTSUM-TL model with the base-
lines, we find that our model significantly improved performance over the QR-
BERTSUM model as well as the BERTSUMXSUM model, which suggests the ef-
fectiveness of utilizing both transfer learning and fine-tuning in QR-BERTSUM-
TL. In comparison to the recent progress, we observe that the proposed QR-
BERTSUM-TL model sets a new state-of-the-art result with an improvement
of 9.17%, and 23.54% in terms of ROUGE-1, and ROUGE-L respectively over
the RSA-QFS + PGN model [1]. As mentioned in [1], the RSA-QFS + PGN
model generated summaries 10 times longer than the required length. In con-
trast, our proposed model shows high precision score by effectively generating

8 We used the following package for calculation: https://pypi.org/project/pyrouge/
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summaries according to the required length. We also observe a huge gain in
terms of ROUGE-2 compared to the previous models, with an improvement of
141.07% from DDA [8] and an improvement of 180.75% over RSA-QFS + PGN.

7 Conclusions and Future Work

In this work, we presented a transfer learning technique with the transformer-
based BERTSUM model and utilized it for the QFAS task via incorporating
query relevance. Our approach shows state-of-the-art result in the Debatepedia
dataset without the leverage of any data augmentation. This suggests that our
model can overcome the lack of availability of large training data for QFAS. Our
experimental result also suggests the effectiveness of using the transformer model
instead of RNN for such tasks. In future, we will investigate the performance of
our proposed approach on more datasets in other applications [5, 6].
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