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ABSTRACT
With the rapid growth of e-commerce and an increasing number
of questions posted on the Question Answer (QA) platforms of
e-commerce websites, there is a need for providing automated answers to questions. In this paper, we use transformer-based review
ranking models which provide a ranked list of reviews as a potential answer to a new question. Since no explicit training data
is available, we exploit the product reviews along with available
QA pairs to learn a relevance function between a question and a
review sentence. Further, we present a data augmentation technique by fine-tuning the T5 model to generate new questions from
customer reviews by considering the summary of the review as an
answer and the review as the document. We conduct experiments
on a real-world dataset from three categories in Amazon.com. To
assess the performance of the models, we use the annotated question review dataset from RIKER [13]. Experimental results show
that Deberta-RR model with the augmentation technique outperforms the current state-of-the-art model by 5.84%, 4.38%, 3.96%, and
2.96% on average in nDCG@1, nDCG@3, nDCG@5, and nDCG@10,
respectively.

CCS CONCEPTS
• Information systems → Retrieval models and ranking; Question
answering; • Applied computing → Online shopping.
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INTRODUCTION

There is a rising interest in people for online shopping. Before making any purchase decisions, people generally have some queries
regarding that product. So, most e-commerce websites provide a
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I've seen lots of images with a seat belt installation. I prefer
to use LATCH - are the LATCH anchors easily accessible?
Solid Installation?
The latch anchors are easily accessible with the seat protector.
The seat seems just as solid as without seat protector. I have
installed them on my Chevy Impala as well as my Chevy
Silverado.
By Vader on June 21, 2015

Summary of the review

Love this car seat cover. I only wish it were a little bigger to cover more of the seat (of course I
understand why that might annoy other people). I like that this cover comes apart and is easy to
use with the LATCH system. Hopefully it will keep my seats from the destruction of two little ones.

Got this to go under a Chicco NextFit (rear facing for now) in our 2015 Subaru Outback with black
leather seats. Good color match. Great fit resulting in a very solid installation using the latch
system. We like it -- ALOT

Figure 1: Snapshot of the product page of a car seat protector
with a question, its answer, and two relevant reviews. The
plausible answers to the question from the reviews are highlighted in blue. The texts inside the green rectangles are the
summaries of the reviews.

Question-Answer (QA) platform for each product, wherein customers can post their questions. Sellers cannot answer every question due to the large volume of questions posted. Other consumers
who have already purchased that product can answer that question,
but in this case, the customer needs to wait to get the reply. On the
other hand, the existing reviews of the product may already contain
the answer, but it is infeasible to go through these enormous reviews. If we can provide an instant response to the question, it will
considerably enhance the customer’s online shopping experience.
A potential solution would be to automatically identify the answer
to the new question from the already posted reviews.
Figure 1 depicts a snapshot of a product page for a car seat
protector. It shows a question-answer pair from the QA section and
two relevant reviews of the product. Each review also contains a
summary written by the customer and it is shown within a green
rectangle. Consider the question, “Are the LATCH anchors easily
accessible? Solid Installation?”. We can find the answers to this
question in the reviews posted earlier. We observe that the review
snippet from the first review “ I like that this cover comes apart and
is easy to use with the LATCH system" and from the second review
“Great fit resulting in a very solid installation using the latch system."
can answer the question. So, these relevant review sentences can
serve as responses to the newly posted question.
Previous works on Product-related Question Answering (PQA) [6]
rely on using traditional word-based relevance function and manual
feature engineering to rank reviews. Yu et al. [11] uses existing QA
pairs as distant supervision and Positional Language Model (PLM)
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to rank the reviews. Chen et al. [3] formulates PQA as a classification problem to predict whether a question-review pair is correct
or not. Zhao et al. [13] proposes interpretable PQA model RIKER
that uses rich keyword representations to answer product related
questions. Transformer-based models like BERT [4], T5 [8], DeBERTa [5] are applied to wide range of NLP tasks. Zhang et al. [12]
presents a BERT-based model that discovers relevant reviews for
PQA by leveraging the question-answer pairs to learn the relevance
between question and reviews. However, it does not utilize the large
set of reviews to create more coherent question-answer data that
could be used in addition to the available data for effective training.
Recently, various data augmentation (DA) techniques [1, 10] have
shown improved performance in many NLP tasks like questionanswering, summarization, sequence tagging, etc.
Motivated by the success of Zhang et al. [12] on learning relevance between question and reviews via the question-answer
pairs, and the DA methods in effectively augmenting the available
training dataset, we attempt to improve the review ranking task
with a) better transformer-based model and b) DA technique using
T5. More specifically, we utilize the question answers related to
a product to learn a relevance function between a question and a
review sentence, while using the recently proposed DeBERTa [5]
pretrained model. We also present a DA technique by fine-tuning
the T5 model to generate new questions from customer reviews
by considering the summary of the review as an answer and the
review as the document.
To assess the performance of the models, we use the annotated
question review dataset from RIKER [13]. We observe that (i) DeBERTa improves over BERT by 2.64%, 2.03%, 2.38%, and 1.06% on
average in nDCG@1, nDCG@3, nDCG@5, and nDCG@10, respectively, (ii) Our Deberta-RR model trained with the augmented data
outperforms the current state-of-the-art model by 5.84%, 4.38%,
3.96%, and 2.96% on average in nDCG@1, nDCG@3, nDCG@5, and
nDCG@10, respectively.

2

DATASET

We use the Amazon Question Answer (QA) dataset [6] and the
Amazon review dataset [7] for our experiment. The Amazon QA
dataset contains questions with multiple customer written answers
and a helpfulness rating for each of the answers. The Amazon
Review dataset includes users’ reviews along with a summary of
the review and overall rating of the product. The unique Product
IDs in each dataset are used to align the question with its reviews.
We take three product categories, namely, Baby, Tools & Home
Improvement, and Patio Lawn & Garden, for our experiment.

2.1

Synthetic Training Data Creation

Due to lack of a labeled dataset which contains question along
with its relevant reviews that can be used for training, we resort to
synthetic training setting similar to Zhang et al. [12], where each
training data instance consists of a question 𝑄, a positive answer
𝐴𝑝 , a negative answer 𝐴𝑛 , and a list of review sentences 𝑅. Since
short answers do not convey much information, we filter out the
answers having less than five tokens (without counting stop-words
and yes/no). Because of this filtering, many questions did not have
any answers remaining. Further, we remove the products with less
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than two questions. We assign each answer a score where the score
is the ratio of the helpful votes to the total votes. For every question
𝑄, we select the positive response 𝐴𝑝 based upon this score. We
take the response with the highest score (> 0.5) as the positive
answer, and in the case of a tie, we choose the one with the highest
number of total votes. When there is no vote for any answer of a
question, we randomly select any of its answers as the gold answer.
We randomly select an answer from a different question of the
same product as the negative answer 𝐴𝑛 . The dataset contains
thousands of reviews for each product, and the entire review may
not be relevant for a particular question. So, we split reviews into
a set of review sentences. We discard the sentences having less
than five tokens. For each question 𝑄, we take a positive answer
𝐴𝑝 , a negative answer 𝐴𝑛 , and we train a classifier with BERT that
predicts whether the answer is relevant to that question or not.
Initially, we choose the top 100 review sentences using BM25. We
refine this list with the trained classifier, and we take the top 10
reviews as the set 𝑅 for each question. Table 1 shows the train and
validation split for each vertical. We will refer to this dataset as
QAR dataset.
Table 1: Statistics of the QAR dataset and the additional train
data in the QAR-aug dataset

2.2

Category

Train

Valid

Augmented

Baby
Tools & Home
Patio Lawn & Garden

9,189
29,764
17,784

1,148
3,720
2,223

2,756
8,929
5,335

Data Augmentation

While the synthetic training data leverages the available questionanswer pairs, these may not be sufficient for many verticals. In
most of the e-commerce platforms like Amazon, eBay, Flipkart
etc., customers write review and a short summary of that review.
As these review summaries are not explored in PQA, we further
attempt to augment the synthetic training data by utilizing the
large number of reviews available to us. We consider the review
of a product as “context” and the summary as the “answer”. We
attempt to generate a question, given a context and an answer, by
utilizing Text-to-Text Transfer Transformer (T5) [8].
We take the T5 model that is already fine-tuned on the question
generation task on the SQuAD dataset and we will refer to this
model as FT1. We use FT1 to further fine-tune the model on the
SubjQA dataset [2] and we denote this model as FT2. We select
four categories, namely, Electronics, Movies, Books, Grocery from the
SubjQA dataset since those belong to the Amazon dataset. We drop
those questions that do not have the answer contained within the
review. We employ both FT1 and FT2 to generate new questions. We
discard the questions that have words such as “I”, “me”, “mine”, “we”,
“our” etc. in them, i.e., the questions containing possessive pronouns
since such questions do not ask about the characteristics of the
product. Also, we drop the generated questions not ending in ‘?’.
Table 2 lists two examples of generated questions. The first example
is generated using FT1 and the second example is generated using
FT2. The generated question from these models is our question 𝑄,
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Table 2: Example of generated questions with FT1 and FT2.

Loss

Review: Since it’s a long hose there was a bit of kink that I didn’t
notice. Turned the water on and it instantly blew a large hole in the
hose, rendering it useless. The plastic is pretty thin, so be warned to
carefully check for any kinks.
Summary: On 3rd time used it had a huge hole in it.
Gen. Que.: What was the problem with the hose?

Non-linearity
Fully Connected Layer

Review: This is a very cute decal for my baby girl’s room, but it is
not as tall as the picture depicts. I would suggest putting it behind the
baby bed or dresser to hide how short it really is.
Summary: Cute, but not as big as in the photo.
Gen. Que.: How is the decal?

we split the review into sentences to form the review list 𝑅, we take
the review summary as our positive answer 𝐴𝑝 , and we get the
negative answer 𝐴𝑛 by randomly selecting any other question’s
gold answer. The last column of the Table 1 shows the statistics
of the augmented data points for each vertical. We combine this
generated data with the QAR dataset and we denote it as the QARaug dataset. 1

3

BASE MODEL ARCHITECTURE

Similar to [12], our base model simultaneously learns relevance
functions between ‘question and review’ and ‘review and answer’
such that at the time of inference, the learned relevance function
between ‘question and review’ can be used to rank the reviews
related to a question. Figure 2 illustrates the model’s architecture.
For each data instance as prepared in Section 2 we have a question 𝑄, a list of review sentences 𝑅, a gold answer 𝐴𝑝 , and a negative
answer 𝐴𝑛 . We concatenate each reviews 𝑟𝑖 with 𝑄, 𝐴𝑝 ,and 𝐴𝑛 as
𝑄𝑟𝑖 , 𝐴𝑝 𝑟𝑖 , and 𝐴𝑛 𝑟𝑖 , respectively. After tokenizing the sentences,
we pass it through a transformer layer to get the sentence representation from the CLS token.
Then, we use linear layers followed by non-linear activation
functions to get 𝑃 (𝑟𝑖 |𝑄), 𝑃 (𝐴𝑝 |𝑟𝑖 ) and 𝑃 (𝐴𝑛 |𝑟𝑖 ) as follows:
𝑃 (𝑟𝑖 |𝑄) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑊 𝑇 𝑇𝑟𝑎𝑛(𝑄𝑟𝑖 ))
(1)
𝑃 (𝐴𝑝 |𝑟𝑖 ) = 𝜎 (𝑊 𝑇 𝑇𝑟𝑎𝑛(𝐴𝑝 𝑟𝑖 ))

(2)

𝑃 (𝐴𝑛 |𝑟𝑖 ) = 𝜎 (𝑊 𝑇𝑟𝑎𝑛(𝐴𝑛 𝑟𝑖 ))
(3)
where 𝑊 is a learnable matrix, and 𝑇𝑟𝑎𝑛(𝑋𝑌 ) denotes the representation of the paired sentences 𝑋 and 𝑌 using transformer. Now,
𝑃 (𝐴𝑝 |𝑄) and 𝑃 (𝐴𝑛 |𝑄) are computed as follows:
∑︁
𝑃 (𝐴𝑝 |𝑄) =
𝑃 (𝐴𝑝 |𝑟𝑖 ) 𝑃 (𝑟𝑖 |𝑄)
(4)
𝑇

𝑟𝑖

𝑃 (𝐴𝑛 |𝑄) =

∑︁

𝑃 (𝐴𝑛 |𝑟𝑖 ) 𝑃 (𝑟𝑖 |𝑄)

(5)

𝑟𝑖

The objective of the model is to rank gold answer higher than the
negative answer. For this, we use the margin ranking loss function.
𝑙𝑜𝑠𝑠 = 𝑚𝑎𝑥 (0, 𝑃 (𝐴𝑝 |𝑄) − 𝑃 (𝐴𝑛 |𝑄) − 𝛿)
(6)
Equation 6 signifies that 𝑃 (𝐴𝑝 |𝑄) should be greater than 𝑃 (𝐴𝑛 |𝑄)
at least by a difference of 𝛿. This way, the model learns the function 𝑃 (𝑟 |𝑄) that can be used at inference time to rank the review
sentences.
1 https://github.com/kalyani-roy/DARR.

Contextual
Representation

Transformer

Figure 2: The architecture of the model. 𝑟𝑖 ∈ 𝑅, |𝑅| = 10. After
the non-linear layer, the reviews are combined according to
Equ. 4 and Equ. 5 to get the relevance scores of the positive
and the negative answers with the question.
We use two transformer-based models - BERT and DeBERTa, and
we denote the two models with this architecture as Bert Relevant
Review (Bert-RR) and Deberta Relevant Review (Deberta-RR),
respectively.

4

EXPERIMENTAL SETUP

Given a question 𝑄 about a product 𝑃 and a set of reviews 𝑅 =
{𝑟 1, 𝑟 2, 𝑟 3, . . . } for that question, our aim is to provide a ranked
′
′
′
′
′
list of reviews 𝑅 = {𝑟 1, 𝑟 2, 𝑟 3, . . . } where 𝑟𝑖 are ranked in order of
decreasing relevance with question 𝑄.

4.1

Evaluation Metrics

For evaluating the models, we use the annotated dataset from RIKER
[13]. It has 40 annotated questions per vertical. There are on average 17 reviews as answer candidates for each question and each
question-review pair is annotated by 3 annotators, based on relevance to the question, which can be 2/1/0 pertained to being relevant, partly relevant, and irrelevant. Consistent with the previous
approaches [11, 13], we use the Normalized Discounted Cumulative Gain (nDCG) as our evaluation metric. We show nDCG@k,
𝑘 ∈ {1, 3, 5, 10}, averaged across the three annotators, for all the
models.

4.2

Competing Models

We evaluate the proposed framework by taking various traditional
and state-of-the-art methods as competing models. (i) BM25 [9]
: It is a popular retrieval model for ranking candidate answers of
a question. (ii) RIKER [13] : It is an interpretable PQA model. It
improves keyword-based search by learning rich keyword representations for questions. 2 (iii) Bert-RR [12] : It is a state-of-the-art
model for discovering relevant reviews of a question, as described
in Section 3. (iv) Deberta-RR : It is similar to Bert-RR, but instead
of BERT, it uses the CLS token of the DeBERTa model for contextual
2 Since

the available code repository for RIKER is missing information required to run
their model on our training datasets, and the same Amazon dataset is used to create
the training dataset, we compare the models with the reported numbers in RIKER [13].
RIKER reports only nDCG@10.
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Table 3: Performance of all the models in three categories.
The cross and the checkmark symbols indicate that the model
is trained with the QAR dataset and the augmented dataset
QAR-aug, respectively.
nDCG
(%)

BM25
-

RIKER [13]
-

Bert-RR [12]
×
✓

Deberta-RR
×
✓

Baby

@1
@3
@5
@10

42.08
38.64
44.34
52.76

64.80

55.00
57.95
61.60
66.95

62.08
61.32
63.79
69.31

59.17
60.70
64.71
67.51

64.16
63.28
66.85
70.78

Tools
&
Home

@1
@3
@5
@10

37.50
38.44
38.36
43.81

45.12

40.83
45.32
45.76
49.67

46.25
45.82
46.60
50.69

41.25
44.14
46.68
50.13

44.17
45.46
46.90
50.75

Patio
Lawn
&
Garden

@1
@3
@5
@10

31.25
34.70
36.40
44.04

55.91

45.00
44.46
46.88
55.01

49.16
47.13
50.52
58.30

48.33
48.96
49.99
57.17

50.00
52.11
52.35
58.99

Average

@1
@3
@5
@10

36.94
37.26
39.70
46.87

55.28

46.94
49.24
51.41
57.21

52.50
51.42
53.64
59.43

49.58
51.27
53.79
58.27

52.78
53.62
55.37
60.17

representation of sentences. We first train Bert-RR and Deberta-RR
with QAR dataset. To further test the effectiveness of augmented
dataset, these are trained with the QAR-aug dataset.

4.3

Implementation Details

We use pytorch to implement the models. To train the initial classifier with Bert in Section 2.1, we use batch size of 64, Adam optimizer
with learning rate 2e-5. For augmenting the dataset, we fine-tune
the FT2 model for 10 epochs with learning rate 1e-4, batch size 32.
To train the Bert-RR and Deberta-RR models, we use a maximum
sequence length of 64, batch size 3, dropout of 0.3, and Adam optimizer with a learning rate of 2e-5. We empirically fix 𝛿 to 0.3. All
our experiments are run on Tesla P100-PCIE 16GB GPU.

5

RESULTS

Table 3 summarizes the review ranking results among three product categories in nDCG@1, nDCG@3, nDCG@5, and nDCG@10
scores. The Average group shows the average score across all the
verticals for each method at different nDCG@k. The cross and the
checkmark symbols indicate that the models are trained with the
QAR dataset and the QAR-aug dataset, respectively. Compared to
the basic BM25 model, the deep learning models generally provide stronger baselines for this task. RIKER [13], Bert-RR [12],
and Deberta-RR perform better than the unsupervised BM25. We
achieve better performance than RIKER [13] for all the three verticals. Without any augmentation of data, Deberta-RR outperforms
Bert-RR by 2.64%, 2.03%, 2.38%, and 1.06% on average in nDCG@1,
nDCG@3, nDCG@5, and nDCG@10, respectively.
In all three categories, the DA technique improves performance.
The DA method results in performance gains of 5.56%, 2.18%, 2.23%,
and 2.22% in Bert-RR, and performance gains of 3.20%, 2.35%, 1.58%,
and 1.90% in Deberta-RR. With the DA method, Deberta-RR performs the best in Baby and Patio Lawn & Garden verticals. In Tools

& Home Improvement, Bert-RR with augmentation outperforms
the other methods in nDCG@1 and nDCG@3, but for nDCG@5
and nDCG@10, Deberta-RR with augmentation is the best performing model. Compared to the previous state-of-the-art method
Bert-RR [12], Deberta-RR with DA shows large improvements by
5.84%, 4.38%, 3.96%, and 2.96% on average in nDCG@1, nDCG@3,
nDCG@5, and nDCG@10, respectively. The overall result shows
that the augmentation technique yields superior performance to
the baseline methods in all product categories.

6

CONCLUSION

We utilize transformer-based models to provide relevant reviews
to a new question by exploiting the question-answer collections
and review collections. Experimental results show substantial improvements over the existing approaches using the data augmentation technique. Retrieving relevant reviews is essential to generate
natural answers to the product questions. It would be interesting to check whether the reviews retrieved by Deberta-RR with
augmented data can improve the performance of the generative
models.
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