Enhancing E-commerce Product Search through Reinforcement
Learning-Powered Query Reformulation

Sanjay Agrawal
sanjagr@amazon.com
Amazon.com Inc.
Bengaluru, India

ABSTRACT

Query reformulation (QR) is a widely used technique in web and
product search. In QR, we map a poorly formed or low coverage user
query to a few semantically similar queries that are rich in product
coverage, thereby enabling effective targeted searches with less
cognitive load on the user. Recent QR approaches based on genera-
tive language models are superior to informational retrieval-based
methods but exhibit key limitations: (i) generated reformulations
often have low lexical diversity and fail to retrieve a large set of
relevant products of a wider variety, (ii) the training objective of
generative models does not incorporate a our goal of improving
product coverage. In this paper, we propose RLQR (Reinforcement
Learning for Query Reformulations), for generating high quality di-
verse reformulations which aim to maximize the product coverage
(number of distinct relevant products returned). We evaluate our ap-
proach against supervised generative models and strong RL-based
methods. Our experiments demonstrate a 28.6% increase in product
coverage compared to a standard generative model, outperforming
SOTA benchmarks by a significant margin. We also conduct our
experiments on an external Amazon shopping dataset and demon-
strate increased product coverage over SOTA algorithms.
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1 INTRODUCTION

Product search forms the bedrock of the rapidly expanding e-
commerce landscape of emerging markets. However, these markets
present a unique set of challenges due to the low English profi-
ciency of the user base. Product search queries often tend to be
code-mixed and consist of English words mixed with words from
other languages (e.g., "women payal" meaning "women anklet").
Misspelled queries and frequent use of regional jargon further ex-
acerbate the complexity resulting in few and low quality product
results. A typical approach to address these challenges is via query
reformulation (QR) where the user query is mapped to other seman-
tically similar queries that are then used to fetch results that are
collectively presented to the user. For instance, given a query “lug-
gage with wheels”, we source additional products from queries such
as “trolley bags” and “rolling suitcase” that have similar intent. This
approach ensures retrieval of a larger number of relevant products
from the catalog while preserving the intent of the user. In online
QR, user queries are mapped to reformulated queries in real-time
but latency and compute constraints often limit the complexity
of matching algorithm resulting in lower matching accuracy and
coverage. Therefore in addition to online QR, most e-commerce
sites also host offline QR systems with much more sophisticated
matching models. In this paper, we focus on offline QR scenario
where the task is to map a large corpus of historical user queries to
semantically similar reformulated variants that can yield superior
product coverage, i.e., fetch a large number of relevant products.
Earlier QR approaches primarily relied on Information Retrieval
(IR) methods based on semantic matching models [35] where the
input user queries and a pre-curated list of candidate reformula-
tions are all mapped to vector embeddings in a shared semantic
space with top reformulations chosen based on the similarity of the
embeddings. These approaches have two many limitations. Firstly,
IR-based methods are trained solely based on the semantic match
of intent between queries without accounting for the efficacy of
the queries in terms of the product coverage. Secondly, effective
reformulations often tend to share vocabulary with that of product
descriptions and IR-methods often fail to retrieve these the good
reformulations, due to the “semantic gap” [13] [21] between the
vocabulary of user queries and that of product descriptions. Recent
OR methods [25] [23] based on Natural Language Generation (NLG)
involve training generative models on <query, reformulated query>
pairs in a supervised fashion and utilize the model to generate mul-
tiple reformulations of an input query using beam search. While
these methods can bridge the semantic gap to some extent and
provide superior performance over IR baselines, these models still
suffer from two key deficiencies. First, the reformulations generated
with beam search for a given input query are often very similar
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Table 1: Search queries with samples of reformulations generated using different methods

User query Normal Beam Search

Beam Search with Diversity

RL with Diversity

Good Quality

Quality Drift

g sarees green color
reen saree

chanderi silk chanderi silk sare

Copper Zari Silk Chanderi Saree
Chanderi Cotton Silk Blend Saree

Chanderi Cotton and Silk Saree
saree for women latest design ~ Chanderi Handloom Cotton & Silk Saree

party ‘wear saree

silk saree sari silk 250-300 plain sarees below 1000 rupees Banarasi Chanderi Cotton Silk Saree
atta 1kg Aashirvaad MP Atta 1kg ghee 1kg aashirvaad sugar release control atta 1kg
aashirvaad atta 1kg aashirvaad atta Aashirvaad Select Sharbati Atta 1kg atta 25kg bags superior MP aashirvaad atta 1kg
aashirvaad 1kg aashirvaad atta 2kg pilsburry 5kg wheat aashirvaad organic atta 1kg

to each other. For example, in Table 1, we can observe that using
normal beam search (NBS) results in reformulations with minor
syntactic variations such as dropping or adding words, conversion
to plural form, etc. This low level of linguistic diversity does not
significantly enhance the product coverage. Diverse decoding algo-
rithms [30] during inference have been shown to partially overcome
the disadvantages of NBS, potentially increasing diversity to some
extent. Table 1 show how beam search with diversity (DBS) can
retrieves keywords with greater linguistic diversity, but often there
is also a risk (see Column 4) that the generated reformulations may
drift away from the original user search intent. A primary limi-
tation of these generative methods is that similar to the IR-based
approaches, there is no explicit alignment with the application
objective of improving relevant product coverage.
Contributions. In this paper, we focus on the offline QR problem
and attempt to generate reformulations that are (i) semantically
similar to the input user query, (ii) exhibit high lexical diversity
with respect to each other, and (iii) maximize coverage of relevant
products. We achieve this by combining large language model-
based generation with a reinforcement learning (RL) mechanism
to optimize the desired custom objective function. Table 1 depicts
examples of our approach that yield diverse and superior reformu-
lations. Our contributions are summarized as follows:

1. Keeping in view requirements of product search, we propose
a custom reward function based on the key desiderata for query
reformulation, in particular, (i) relevance with respect to the input
query, and (ii) number of relevant products in search results.

2. We propose a novel, generic RL-based QR framework that con-
sists of (i) a generative language model paired with diverse beam
search to produce a set of varied reformulations, (ii) an RL mech-
anism to determine the optimal policy for generating each token
so as to maximize any arbitrary reward function, and (iii) a reward
model that computes the goodness of a set of reformulations.

3. Empirical evaluation of the proposed approach on proprietary
and public datasets points to significant benefits in terms of product
coverage (+28%) and query diversity relative to multiple SOTA base-
lines. We also present ablation studies to investigate the relative
contributions of the various elements of our approach.

Note that our approach extends beyond product search and can
be easily customized to include specific metrics in other applications.
For example, in sponsored search, advertisers bid on keywords
related to their business in order to have their ads appear alongside
organic results, Reformulation suggestions in this case need to be
generated based not only on the relevance but also the potential

revenue. Furthermore, researchers and practitioners can tailor our
RL framework to their specific problem and experiment with a
variety of reward designs to achieve the learning objectives they
desire since it is agnostic of the reward function.

2 RELATED WORK

Query Reformulations: Reformulation of queries is an impor-
tant area of research that involves the idea of performing query to
query transformations [8] [9]. These methods reformulate the input
search query into multiple semantically similar queries, and then
retrieve products from the product catalog while preserving user
intent. QR work can be categorized into the following categories
(but not limited to these). (i) Term dropping and substitution [3] (ii)
Term expansion [36] [34] (iii) Machine Translation [22] (iv) Rein-
forcement Learning [15] [17] [31] (v) Representation learning [9].
There is also research ongoing in the area of keyword to keyword
transformations, known as keyword reformulations (KR) [2] [37],
which aims to rewrite less frequent keywords without altering the
original search intent. Moreover, direct query-to-keyword refor-
mulations (QKR), based on the seq2seq language models [11] [21],
are becoming increasingly common. In this paper, we present a
general RL-based framework that can be applied to a wide variety
of applications, such as KR and QKR.

Reinforcement Learning in NLP: In many NLP applications,
language models are used to generate text. These models [25] [23]
[21] are trained to predict the next word in a sequence, given the
previous words and some context. A lot of NLP literature uses
reinforcement algorithms [33] [16] to improve heuristic-based eval-
uation metrics, like BLEU [19] for machine translation. In such
cases, policy gradient algorithms such as REINFORCE [32] are used
with baselines to optimize the rewards. A growing focus has been
placed on utilizing rewards from trained evaluation models in a
variety of tasks, such as Machine Translation [10] and Abstracting
Summarization [29]. In [15], an RL approach was proposed to gen-
erate query rewrites, with reward derived from a trained evaluation
model. DRQR [31] proposes a deep reinforcement learning text
generation model for query reformulation to automatically gener-
ates new reformulations of the query where the author adopts the
recurrent neural network based encoder-decoder [5] framework.

3 PROPOSED METHODOLOGY

We begin with a formal problem statement, the key solution design
choices and then present our methodology
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OR for Product Search: Formally, the offline product search
query reformulation problem can be stated as follows: Let D =
{0, Q’)}f\i | denote training data comprising pairs of semanti-
cally similar queries where Q = {wi, ...., w;, } is the user query and
O={W1, ..., Wy} is the reformulated query. Here, w represents the
word or token either in the user query or in the reformulated query.
Let cou(Q) denote the number of relevant products (relevance is
with respect to Q) returned organically by the search engine for the
query Q. Given a historical set of queries Dyesy, for each Q € Dyegy,
the goal is to generate multiple (say B) reformulations {Q; }?:1 that
can be issued to the search engine so that the combined results
from the reformulations maximise the overall coverage of relevant
products with respect to the original query Q.

Solution Design Choices. Inspired by the relative success of gen-
erative LLM based approaches and the need to incorporate the
application specific coverage metric, we adopt an RL-based gen-
eration operation for the QR task. There are two key questions
to address: Q1: How do we structure the reward mechanism in a
RL setup for QR tasks? Q2: What should be the choice of reward
function to maximize the product coverage with respect to orig-
inal query? Since it is desirable to have multiple reformulations
per query for better coverage, there are three possible choices for
the reward mechanism (Q1): (i) Providing independent rewards
for each reformulation and considering a simple aggregation (e.g.
sum) of these rewards for policy optimization, (ii) Modeling the
desired application metric via a more complex non-linear function
of the results from the multiple reformulations, e.g., unique relevant
product results (iii) Sequential modeling of rewards for the refor-
mulations, i.e., reward for k! query reformulation is based on only
the additional utility taking into account the goodness (i.e., already
covered relevant products) of the previous k — 1 reformulations. In
our approach, we prefer the first choice as it simplifies the training
process, permits parallelization, and makes training faster, but it
comes with the downside of lower accuracy since it does not ac-
count for overlapping benefits of the various reformulations. Hence,
we need additional safeguards to ensure diversity among the refor-
mulations. To address Q2, we consider relevancy with respect to
the original query, diversity, and the product coverage. We present
our reward function in section 3.1.1 which can be adapted for ap-
plications beyond product search by replacing product coverage
with criteria such as purchases, revenue, downstream impact.

3.1 Product Search Reward Model

3.1.1 Reward Function. In formulating a reward function, we
aim to maximize product coverage (i.e. relevant products returned)
using reformulated queries without degrading the quality of re-
formulations. Our reward function consists of two components:
(i) rel(Q, ), which is the relevance score between the user query
(Q) and the generated reformulated query ©) computed using our
trained relevance model (see section 3.1.2) (ii) cov(Q), i.e., number
of relevant products returned for a reformulated query (Q). Incor-
porating the relevance score rel(Q, 0) into the reward function
allows us to estimate the relevance of results obtained from the
query O with respect to the original query Q. As shown in equation
1, we define our reward function as follows.
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r(Q) =

A {rel(Q, Q) * COU(Q), if p < rel(Q, Q) <a W

X otherwise

where 0 < o, < 1 and f < a. Scalar constant « is the upper
bound for relevance score, which has not been set to one to prevent
RL from generating reformulations that are near duplicates of the
original query and have high individual coverage. This safeguard is
required since we consider sum of the rewards of the reformulations
instead of the unique distinct products to keep the training process
tractable. f is the lower bound that ensures a certain amount of
relevance between the Q and the Q. We calculate cov(Q) based
on the number of distinct products impressed for each historically
logged reformulated query (0).

3.1.2 Relevance Model. The relevance model, as discussed in
the reward function, is essential for controlling the quality of refor-
mulated queries with different intents from those of the original
queries. Several recent studies [18] [28] demonstrate poor correla-
tions between heuristics evaluation based on n-gram overlap [19]
[3] and word embedding similarity [27] with human judgements
on several NLG tasks. We observed that the performance of such
heuristic-based metrics in query rewriting is indeed poor. There-
fore, also motivated by [15], we create an end-to-end evaluation
metric specifically trained to evaluate the quality of the reformula-
tions. We use the bert-base-uncased [7] model and fine-tune it on a
dataset containing triplets of the form (Q, O, y), where y represents
a 1/0 label representing relevancy/non-relevancy between query
and reformulated query.

3.2 Generation Model

There are many publicly available seq2seq language models such
as T5, GPT2, ProphetNet [25] [23] [21], etc. We adopt a recently
proposed T5 model! to generate query reformulations, which has
shown to produce state-of-the-art performance on query reformu-
lations generation tasks [14] [4] [20]. We initialize the T5 model
with the pre-trained weights and then fine-tune on our <query, re-
formulated query> training data D in a supervised learning setting.
While inference, we provide a user query as an input and predict
top B (also called beam size) reformulated queries.

3.3 Design Query Reformulation Task as
Reinforcement Learning Problem

RL problems consist of two components (i) Environment and (ii)
Agent. An RL agent learns to act intelligently when interacting with
the environment and receives rewards or penalties based on the
outcomes of its actions. We can formulate query reformulation task
as an RL problem. When an episode begins, the environment selects
the user query as an initial state. Our agent (generative model) then
makes an action w; (choose a token) at time t according to the
policy 7 = P(.|{W<;, Q, 0). Here, the policy x is parameterized by
the weights of the Generative model. Taking this action, the envi-
ronment is updated to the new state, and the agent takes another
action wy41 at time t+1. The agent continues in this manner until
the agent returns an end token in response to the action. Then the

Ipre-trained on 700 GB of C4 Data [24]
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environment returns a reward for the generated full reformulated
query O which the agent wants to optimize. The objective of an
RL agent aims to learn the policy parameter 6 that maximizes the
expected reward defined in equation 2. The standard method for
solving the maximization problem is Gradient Ascent (or Descent).

J(0) = Eﬂg[r(Q)] EQE, O~P(. |Q9)r(Q) (2)

where O={W1, ..., W;,} is generated reformulated query, W; is the
sampled token following the policy g = P(.|w<;, Q, 0) at time t,
r(Q) is the reward for Q. We will now explain the policy gradient
method (in section 3.3.1) to find parameters 6 where reward is
maximized.

3.3.1 REINFORCE Method. The REINFORCE algorithm [32]
calculates the policy gradient in equation 3 as follows:

T
VI(0) = VEry [FO)] = Exy [(Y r(O)VIog(mg)] (3
t=1
For our query reformulation task where a mini batch of search
queries {Q(i) }-, and the corresponding reformulations {Q(i) 3
sampled from the policy P(.|Q, 6), we can rewrite equation 3 as
equation 4 in the following form:

VI(0) = > r(0)Viog(P(O 10D, 0)) @

n
i=1
3.3.2 REINFORCE with Baseline. There is one disadvantage of
policy gradients methods, which is the high variance that is caused
by empirical returns. In order to reduce variance, a baseline b is
subtracted from the rewards in the policy gradient. In essence, the
baseline serves as a proxy for the expected return, and it should
not introduce any bias to the policy gradient. The baseline must be
independent of the policy parameters in order to keep the gradi-
ent estimate unbiased. In equation 5, we define the new gradient
equation as follows:

VJ(0) = 3 (r(0W) - b)) Viog(P(0V10D,0))  (5)
i=1

3.3.3 Diverse Beam Search (DBS) [30]. There have been several
studies that work on producing diverse reformulations using gen-
erative models. In our experiments, we found Diverse beam search
algorithm to be the most effective with T5 model when compared
with other possible decoding algorithms.

3.4 Our proposed Approach: RLQR

With the standard RL setup, equation 2 can be optimized by placing
a high probability mass on one plausible reformulation and ignoring
all other valid reformulation for a given input query. It is always
possible to construct an optimal policy P*(Q|Q), which is com-
pletely deterministic given an input query Q i.e. it generates only
one reformulation per query. The problem lies with the standard RL
objective, since it only requires high expected rewards for a single
sample (reformulation) from the policy. This problem is significant
for query reformulations since our primary objective is to generate
as many distinct high-quality reformulations as possible for a given
search query. To overcome this issue in the standard RL method,
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Algorithm 1 A training algorithm for learning generator parame-
ters using a RL approach

Require: Train Dataset T, Batchsize bs, Diverse Beam Search DBS,
Beam Size B, relevant products returned cov(Q), Scalar constants
a & B, Relevance score rel(Q, Q)
Ensure: Learn Generative Model Parameters 6
for Number of Training Iterations do
{Qbszl’ e Qbs:last} €T
fori« 1tobs= last do
(09, ..., 0%y — DBS(P, 6,01, B)
forj— 1toBdo
if < rel(Q("),QA;i)) < a then

r(Q) « coo(Q") + rel(QD, 0")
else i
rQi") =0
end if
end for
forj« 1toBdo
(i) (i)
bjl 1Zk 1k¢]r(Ql)
end for
end for
Updating parameters 6 by ascending its gradient VJ(6):
Sps=i D21 ((r( Q1) = b1 Viog (P05 101D, 0)))

end for

we use diverse beam search DBS in our RL approach. DBS uses
as input, the generator model P(.|Q, §) with parameter 8, Query
Q, and returns B diverse samples {01, 0, ..., O} from the policy
7. Our RL approach aims to maximize the expected total rewards
(described in equation 1) obtained from B diverse reformulations
sampled from the policy using the DBS decoding algorithm. We
define our final RL training objective as follows after considering
DBS as our decoding algorithm:

J(8,DBS) = EgJ (6, Q, DBS) ©)

B
J(0.Q.DBS) = 3" E s (p0,0)7(Q)) )
j=1

Diverse beam search can control how much diversity is desired
in the reformulations, while our reward maximizes product cov-
erage. We optimize the revised objective (in equation 8) using the
REINFORCE with baseline algorithm as follows:

n

B . . N .
VJ(0,DBS) = " 3 ((r(Q4") - b)) Viog(P(0}" 10D, 0))) (8)

i=1 j=1
(i) 1 S (i)
i) _ A (L
b =571 2 @ ©)
k=1k#j

(l) (l)}n

{0 }2, isamini-batch of user queries while {Q .....
are the corresponding reformulations generated using DBS (P, 0, Q(’) ).
We briefly describe our proposed RL approach in Algorithm 1 and

show our proposed architecture in Figure 1.
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Figure 1: RLQR framework comprising RL-based generation and a reward model. Coverage model is a look-up on search logs.

4 EMPIRICAL EVALUATION

We present our findings on the benefits of using reinforcement
learning for query reformulation tasks. Our discussion begins with
a description of the datasets and the experimental setup.

4.1 Experimental Setup

Dataset Generation We collected a sample of ~2 MM human
audited query pairs from IN marketplace, categorized as relevant or
irrelevant. Supervised training of T5 models is achieved by using
relevant pairs that represent 80% of the total set. Training data for
RL is collected from anonymous user behavior data, including a
sample of ~1MM user queries from IN marketplace. To evaluate
the generator models, we curated a set of 80k search queries.
Experimental Details We use T5 as our generative model which
uses t5-base with 220 million trainable parameters. We utilize a
pre-trained checkpoint and train for 5 epochs on Q-Q data in a
supervised setup. We use the Adam optimizer with a batch size
of 64 and a learning rate of 1*10™*. The maximum length of both
the source and the target text is set to 20. T5 model performs a
particular task by adding a prefix to its input sequence. We use the
prefix 'summarize’ as our prefix in order to train the model. After
training T5 in a supervised manner, we then fine-tune T5 using our
RL method for another epoch. As part of our RL setup, we train
the model with a batch size of 32. In equation 1, we set « and f
to 0.95 and 0.5, respectively. The rest of the RL setup is similar to
the supervised setup. We conducted all our experiments on 8 GPUs
in an AWS p3.16xlarge EC2 instance. The hyperparameters were
chosen empirically based on the experiments performed in this
study. Our experiments are repeated multiple times by changing
the random seed in order to determine statistical significance.
Why use T5 as a generative model? Besides T5, many pre-trained
seq2seq generative models, such as GPT2 [23], GPT2-medium [6],
ProphetNet [21], are publicly available for generating text, such as
answering questions, reformulating, summarizing, etc. As part of
our experiments, we trained GPT2, GPT2-medium, and ProphetNet
models on Q-Q data in a supervised setup. However, the generated
texts did not yield satisfactory inference results for our QR tasks.
Algorithm Baselines For the purpose of evaluating the efficacy of
our proposed method, we take following baseline measurements.
(i) Normal Beam Search (NBS) [25]: We use a T5 model, which is

trained in a supervised manner and uses a normal beam search for
inference. This baseline represents the state of the art performance
achieved by recent generative models.

(ii) Diverse Beam Search (DBS) [30]: We use the same trained
supervised T5 model, but we perform an inference using a DBS. This
baseline represents the use of decoding algorithms in generative
models to generate a greater degree of diversity.

(iii) Task-Oriented QR [17]: Author introduces a RL-based query
reformulation system that rewrites a query to maximize the number
of relevant products returned. In contrast to our approach, here,
a search engine retrieves some products corresponding to a user
query and uses them to reformulate that user query.

(iv) DROR [31]: DRQR is an RL-based QR method where the
reward is the weighted sum of two components, F1 and QPP?2.

(v) CLOVER [15]: CLOVER introduces a diversity-driven RL based
algorithm to generate both high-quality and diverse reformulations
by optimizing for human assessment of reformulations quality.
Evaluation Metric Our objective is to generate reformulations that
maximize product coverage with respect to original query. Hence,
we use this criterion to evaluate our method against the baselines.
Note that product coverage is calculated based on the number of
distinct relevant products by all historically logged reformulated
queries. Here, Precision@k and Recall@k are not used since labeling
millions of query-product pairs is not feasible .

4.2 Main Results

In Table 2, we compare the average relevant products returned per
user query between supervised and RL-based generations. We use
a generative model T5 with beam size 10. Our experiments show
that RLQR achieves the highest product coverage among all gen-
eration methods, including supervised and RL-based algorithms.
In addition, we find that among the supervised baselines, the DBS
decoding algorithm improves products returned over normal beam
search, but is inferior to most RL-based methods. Among RL-based
methods, CLOVER has been optimized to generate diverse reformu-
lations, but returned products are still lower than our method RLQR,
indicating that maximizing diversity alone is not likely to optimize
product coverage. We also demonstrate our proposed method’s
efficacy on a publicly available Amazon shopping dataset (Aicrowd)

2QPP is based on the query performance predictors like Inverse Document Frequency
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Table 2: Comparison of the number of relevant products
returned per user query using various approaches against
internal Amazon datasets and external ones. The supervised
NBS method has been taken as a baseline, so the gain(%) is 0.

Fine-tuning Decoding Number of Relevant

Approach Algorithm  Products Returned /Gain (in %)
Amazon Data  Aicrowd
Supervised Baselines
Supervised NBS 2820/0% 111/0%
Supervised DBS 3327/17.8% 122/9.9%
RL Baselines

Task Oriented QR DBS 3120/10.6% 114/2.7%
DRQR DBS 3390/20.2% 130/17.1%
CLOVER DBS 3478/23.3% 132/18.9%
RLOQR DBS 3626/28.6%  145/30.6%

Table 3: Average unique quality reformulations and lexical
diversity for various algorithms

Unique High

Fine-tuning Decoding lit Distinct  Distinct
Approach Algorithm 1%?:1':11}1;31;:1}’5 Unigram  Bigram
Supervised  NBS (I) 2.79 0.393 0.550
Supervised  DBS (II) 3.54 0.463 0.624
RL (RLQR) DBS (III) 4.05 0.469  0.668
Ensemble Results
Ensemble (I) 2.79 - -
Ensemble (I + II) 4.66 (+1.87) - -
Ensemble (I + I+ III)  7.75 (+3.09) - -

[26]. This dataset is available in three languages: English, Japan-
ese, and Spanish. Since we use EN trained pre-trained models, we
consider only EN data when training and validating our models.
Our results on public dataset demonstrate that among all base-
lines, RLQR performs best, outperforming supervised and RL-based
baselines. Note that the products returned for public dataset is not
as high as Amazon’s internal dataset because the former is quite
limited whereas the latter is based on huge search logs.

4.3 Ablation Study

In Table 3 , we examine our methods’ effectiveness in generating
Unique High-Quality Reformulations and degree of diversity by
calculating the number of distinct unigrams and bigrams [12]. (i)
High Quality Reformulations: Unique High-Quality Query Re-
formulations refers to the total number of reformulations (average
value per input query) retrieved after applying a relevance model
threshold. With this relevance model threshold, we ensure that
reformulations with the corresponding query meet a high standard
of quality. The results demonstrate that RLQR is capable of gener-
ating more high quality reformulations than supervised baselines.
Additionally, in Table 3, we present ensemble results combining
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multiple approaches to discover net high quality reformulations
as well as net new additions using a new algorithm. Ensemble (I
+ II) produces a total of 4.66 high quality reformulations where
Diverse Beam Search (II) yields 1.87 new reformulations out of
3.54 and the rest were already present in Normal Beam Search (I).
In ensemble (I + II + IIT), we obtain a total of 7.75 high quality
reformulations, while our proposed method (III) yields a total of
3.09 net new reformulations. The net new addition of 3.09 new
high quality reformulations shows that our RL based approach is
able to generate a good amount of more new pairs which were
not part of other two approaches. (ii) Distinct n-gram statistics
[12]: As proposed in [15], we report degree of diversity by calcu-
lating the number of distinct unigrams and bigrams in generated
reformulations. It counts the total number of distinct n-grams in
the generated reformulations combined for an input query. The
value is then divided by the total number of tokens generated in
the reformulations to avoid favoring long sentences. As shown in
Table 3, diverse beam search (II) significantly improved distinct
unigram and bigram statistics over normal beam search (I), while
RLQR further surpassed diverse beam search.

4.4 Deployment Considerations

The key idea of query reformulation is to surface relevant prod-
ucts for a customer query from the products corresponding to the
queries Q = {q1,92.., qx } , where q1..q; are query reformulations.
QR inference pipeline consists of the following broad steps: HCQC
(High Coverage Query Cache): We curate these queries based
on the high number of products retrieved in the past. LCQC (Low
Coverage Query Cache): We also curate a list of head and torso
queries, which are mostly repeatable and cover most of the query
coverage. Then, we use our RL model to infer over every query
in LCQC, generating B reformulations using a prefix trie [1] con-
straint to ensure that all generated reformulations are from HCQC.
This process is followed offline, i.e., ahead of time, and refreshed
hourly/daily depending on the inference speed of the model, which
is highly dependent on factors like hardware, software optimiza-
tions, and implementation. Specifically, whenever a real-time query
is requested, a lookup to QR cache is performed to collect all refor-
mulations, and the resulting reformulated queries are then passed
to the search index in order to return relevant products within a
very low (in ms) latency limit.

5 CONCLUSION

An important challenge in the offline QR system is generating high-
quality, diverse reformulations that maximize the product coverage.
The reformulations generated by the existing generative seq2seq
models are often very similar to one another. The low linguistic
diversity of these reformulations makes them unsuitable for re-
trieving more products. Furthermore, due to disparities in training
objectives and desired outcomes, existing generative seq2seq mod-
els do not produce satisfactory results. As a result of our RL-based
approach, we are able to overcome these limitations and maximize
product coverage by generating multiple diverse high-quality re-
formulations.
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