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ABSTRACT store. However, this task is often challenging due to two key rea-

Efficient retrieval and ranking of relevant products in e-commerce
product search relies on accurate mapping of queries to product
categories. This query classification typically utilizes a combination
of textual and customer behavioral signals. However, new product
categories often lack customer interaction data leading to poor per-
formance. In this paper, we present a novel approach to mitigate this
cold start problem in product ranking via synthetic generation of
queries as well as simulation of customer interactions. Specifically
we study two strategies for synthetic data generation: (i) fine-tuning
a generative language model (LLM) on historical product-query
interactions and using it to generate synthetic queries from the
product catalog, (ii) Bayesian prompt optimization with an instruct-
tuned LLM to directly generate queries from catalog. Empirical
evaluation of the proposed approaches on public datasets and real-
world customer queries demonstrates significant benefits (+2.96%
and +2.34% in PR-AUC on e-commerce queries)! relative to the base-
line approach without synthetic data augmentation. Furthermore,
evaluation of the augmented model on live search page results in a
substantial increase in highly relevant product results (+3.35%) and
reduction (-3.07%) in irrelevant results.
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1 INTRODUCTION

Finding relevant products from a vast ever-changing catalog of mil-
lions of products is one of the core utilities of an online e-commerce

Note that all reported performance improvements are absolute values, e.g., +2.34%
corresponds to change in PR-AUC from 0.782 to 0.805.
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sons. First, the notion of product relevance for a query often varies
across product categories [10]. For instance, in fashion-related cat-
egories, brand name match between query and products is of high
importance but in the case of pharmacy category, it is less critical
compared to a match on the active ingredients and the medicine
strength. Second, ranking models, by virtue of their training, often
exhibit a favourable bias towards established products and estab-
lished product categories compared to new ones [34]. To tackle
these challenges, queries are first classified along product cate-
gories. The output labels are then used to boost ranking of the
products from the associated categories and offer differential cus-
tomer experience that can improve the customer search experience
such as showing a form to support advanced search. Our primary
motivation for query classification was to enable restriction of
search results to products from relevant categories.

Typically, query classification models are trained in a supervised
manner and rely on label information obtained from observing
customer interactions such as clicks, cart-adds and purchases [16].
However, for new product categories and new products with little
or no customer interaction data, this approach suffers from the
cold start problem [12], leading to poor performance and a nega-
tive impact on customer search experience, e.g., pharmacy-related
queries such as “Paracetamol” (pain relief drug) retrieve irrelevant
products such as "Parachute Coconut Hair Oil" in the top positions.
This problem is further aggravated for categories such as pharmacy
where customers search with a highly targeted intent and abandon
the search early in the absence of relevant results.

Despite the availability of the product catalog, it cannot be di-
rectly leveraged for improving classification [18] since the product
names (or n-grams) are not sufficiently representative of the cus-
tomer query distribution. Specifically, designing a query classifier
requires addressing three key challenges: (a) Linguistic variations:
Customer queries, especially in markets such as India, tend to be
short, non-specific, abbreviated, ridden with spelling mistakes and
interspersed with words from native language, etc. For instance,
the product titled “Dolo 650 Strip of 15 Tablets" is a top match for
multiple queries [“doloo 15”, “fever medicine hai” 2, “paracetamol”],
none of which can be directly derived from the product name, (b)
Mapping ambiguity of non-specific queries: Real query logs indi-
cate a high prevalence of non-specific queries such as “dandruff
shampoo” that map to multiple categories such as pharmacy, health
& personal care, and beauty, and (c) Highly limited supervision on
query labels and frequency: Human expertise for labeling abandoned
queries (i.e., queries without clicked or purchased products) from
past search logs and potential new queries is costly and highly
limited. Estimating their likely prevalence is also highly non-trivial.

Transliteration of Hinglish [25] phrase meaning "Is fever medicine available?".
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Inspired by recent findings [22, 23] on the benefits of data aug-
mentation with large generative language models (LLMs), in this
work, we propose a novel approach to solve the query classification
problem, especially for new product categories with low search
volume and specialised search vocabulary based on synthetic gen-
eration of queries. Below we summarize our contributions:

1. [Data augmentation with synthetic query-product pairs.]
We pose the query classification problem as a binary in-category
vs. out-of-category classification with query labels induced from
the labels of the positively associated (e.g., clicked) products. We
propose a generic framework for augmenting the observed query-
product pairs with synthetic pairs generated from the full product
catalog that mimic observed customer behavior in terms of the lin-
guistic variations (dialects, spell errors, hybrid languages), category
label ambiguity, and the prevalence frequency. This augmentation
approach yields models that can provide superior performance on
underrepresented and cold-start queries, and can be used with any
choice of generative LLM. Furthermore, since our approach yields
synthetic query-product pairs with interaction volumes and not
just labeled queries, it can also be utilized to improve ranking.?

2. [Bayesian prompt optimization.] Most powerful LLMs cannot
be directly fine-tuned due to computational costs or lack of access
to model parameters and only provide API access that permits
prompting. Hence, we propose a Bayesian approach for prompt op-
timization that propagates the loss from the query classifier to LLM
prompting module to progressively improve the prompt generation
policy along various factors (e.g., spelling error and query length
distribution) and generate better synthetic queries that can yield
higher performance on the underlying classification task.

3. [Superior empirical performance on Pharmacy data.] We
explore multiple query generation strategies based on fine-tuning
and prompting with LLMs such as Distil-GPT2 [15], Flan-T5-XXL
and Flan-UL2 [7]. Using data from an e-commerce Pharmacy store,
we investigate the benefits of synthetic query augmentation (RQ1),
the relative performance of different generation methods (RQ2),
and the benefits of interaction volume estimation (RQ3). Empirical
results point to significant improvement on query classification per-
formance from data augmentation (+2.43% PR-AUC) especially for
cold-start queries (+6.47% PR-AUC). The deployed augmentation-
based model resulted in a substantial increase in highly relevant
product results (+3.35%) and reduction (-3.07%) in irrelevant results.

2 QUERY CLASSIFICATION PROBLEM

Let A = A; |J Ao denote the product catalog with A; and Ay
corresponding to the in-category and out-of-category products re-
spectively. Let Q be the space of all customer text queries. Denoting
the true relevance of a product a € A for a query g by p"®! (alq),
we can induce a soft classification on the query space with respect
to category membership y : Q — {0, 1},

Yacal(ae Apalg)
Saea P (alg)

In practice, the true relevance of a product for a query is un-
known and instead, we only have observations that are shaped

e (y=1lg) = 1)

3We report results on both query classification and ranking on public datasets. On our
internal dataset, we only report results on query classification to focus on the query
generation aspects and avoid details of the proprietary ranking system.

Akshay Jagatap, Srujana Merugu, & Prakash Mandayam Comar

by the existing ranking system. Let p*¢"(a|q) denote the prob-
ability of a product a being “seen” % by a customer for a query
q (accounting for positional effects) and v(a,q) denote the ob-
served “interaction volume” for the pair (g, a). One can then assume
v(a, q) o peen (a|q)pr31(a|q). This interaction volume can be com-
puted based on the frequency and intensity of customer interactions
such as clicks, cart-adds, and purchases.

Given the observed query-product interactions vsrgin : QXA >
R, existing ranking, i.e., p*®¢" (alq), Ya € A, q € Q, and the entire
product catalog A along with product features, the objective is to
accurately learn to classify any query g € Q with respect to its
category-membership, i.e., predict p(y|q) such that it approximates
the true query classification probability p’"#¢(y|q).

Since the true relevance is unknown, we can instead evaluate
with respect to the estimated probability p?¢s?(y|q) for an unseen
test query with product relevance to query being proportional
to 0*¢5% (a, q)/p>¢¢" (alq). Even though query-product relevance in
train and test settings might follow the same underlying distri-
bution, the prediction problem is challenging since the observed
interactions in train data are biased due to the ranking system and
might not include new products and queries. Note that while offline
evaluation with respect to an unseen future test period (with exist-
ing ranking) provides a directional sense of the goodness, since the
query classification affects the ranking itself, the true benefits of
improved classification can be assessed only based on increase in
interaction volume in an online experiment.

3 RELATED WORK

In recent years, large language models based on the Transformer
architecture [28] have made significant advancements in natural
language processing. Encoder models like BERT have led to stellar
results on tasks such as text classification, summarization, named
entity tagging. Models equipped with decoder such as BART [14],
T5 [21], Alexa-TM [26], UL2 [27], GPT-2 [20] and GPT-3 [4] have
shown versatility in tasks like question-answering and dialog gen-
eration. These models can be customized for specific tasks through
fine-tuning on task-specific datasets or prompt engineering. FLAN
[30] and InstructGPT [19] introduced the concept of instruction tun-
ing, where a language model is fine-tuned on instruction prompts
from various tasks to generalize to new tasks.

Prompt engineering and tuning [13, 17] has emerged as a new
paradigm for customizing frozen pretrained language models, where
the model parameters cannot be changed either due to compu-
tational reasons or lack of access to parameters. Multiple works
[11, 31] demonstrate the potential for improving downstream task
performance either through customized soft prompts [13] or cus-
tomized NL prompts [9] especially for instruction-tuned models
such as InstructGPT and FLAN. Of these techniques, NL-based
prompts use reinforcement learning based methods that can be com-
putationally expensive. We propose a lightweight approach where
we represent the prompt generation policy in terms of human-
understandable linguistic factors (e.g., spell error rate, query length

4Though we have the impression count for each product-query pair, it is difficult to as-
certain if an impressed product is truly seen especially by customers with small devices.
Hence, we rely on click/add-to-cart/purchase counts as more reliable indicators.
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distribution) and optimize it using Sequence Model-Based Opti-
mization (SMBO) [1]. This also provides explainability that can
serve as a guardrail to prevent unintended synthetic generation.

With the advent of generative LLMs that encode substantial
world knowledge, there has also been an increased interest in util-
ising LLMs for synthetic query generation. Most of the prior work
in this area is focused on question-answering and binary relevance
prediction where the models generate a query relevant to a given
document. A recent work label-conditioned QGen [5] focuses on
query generation for e-commerce products with multi-level rele-
vance ranking using simple prompting and fine-tuning. However,
the evaluation is primarily performed in a transfer learning setting
and does not take into account the interaction volume of query-
result pairs which is critical in real applications. We attempt to
address this gap and also evaluate our approach on some of the
datasets studied in [5]. Note that while our work uses specific LLMs,
namely tiny-BERT [3], Flan-T5-XXL (encoder) for query classifica-
tion, Distil-GPT2, Flan-T5-XXL, and Flan-UL2 for query generation
using fine-tuning and prompt engineering, our proposed approach
is agnostic of the choice of the models.

4 PROPOSED APPROACH

We now present our approach for query classification that addresses
the challenge of product search logs not being adequately repre-
sentative of new product categories such as Pharmacy. Figure 1A
provides an overview of our approach, which relies on augmenting
the observed query-product interactions in the search logs with syn-
thetic data generated by simulating the interactions of customers
with intent of buying products in the target category. For each
query, the affinity towards the target category is computed based
on its affinity with respect to the products in and outside the target
category. The classifier is learned on the entire query pool using a
standard encoder-based only model. Our primary focus is on the
simulation, which is a two-step process: 1) synthetic query genera-
tion and 2) interaction volume estimation for the synthetic queries.
The query generation step (see Section 4.1) ensures a diverse repre-
sentation across the query pool. This step ensures inclusion of clear
positive and negatives examples in terms of relevance to the target
category and also ambiguous queries that can could pertain to prod-
ucts from both target category and overlapping categories (e.g., the
query “tretinoin” could refer to acne medication in the Pharmacy
category as well as a skin care product in Beauty category). For the
generated queries, we then compute likely query-product interac-
tion volume (see Section 4.2) using distributional statistics of the
product demand as well as the likely query generation probability.

4.1 Query generation strategy

We present two approaches namely fine-tuning and prompting, to
leverage large pretrained generative language models (LLM) [33] to
generate high-quality and contextually relevant synthetic queries.
4.1.1 Fine-tuning Generative LLMs. In the first approach (shown
in Figure 1C), we build a dataset of relevant (product, query) pairs
using positive interactions (e.g., clicks, purchases) from historical
customer search logs. We utilize the product catalog to construct
a training dataset (Figure 2C) of input-output pairs where the in-
put comprises the product name and attributes and the output is

WWW ’24 Companion, May 13-17, 2024, Singapore, Singapore

a search query associated with that product. Fine-tuning the LLM
on this dataset enables it to learn the associations between product
features and search queries as well as customers’ stylistic varia-
tions. Once fine-tuned, the LLM can generate synthetic queries
for any new product that mimic real customer searches, capturing
the nuances of customer behavior. While this approach enables
creation of a much larger and diverse dataset of synthetic queries
along with representation for new products, a key drawback is
that the generated query distribution is determined by the training
data which could be noisy, non-representative and biased towards
popular queries. One cannot explicitly control or audit the query
generation policy, e.g., length and spelling error rate, since it de-
pends entirely on latent associations learned by the model between
product and query. Additionally, in this case, the query generation
model is completely decoupled from the main downstream task
of interest, i.e., query classification, as a result of which relevant
feedback from the classification task cannot be directly passed to
improve the fine-tuning.

4.1.2 Prompting. Most powerful instruction-tuned LLMs are avail-
able only through API in a frozen blackbox-form that does not
permit direct fine-tuning of parameters. However, these models
readily allow generation of high quality text sequences through
“prompting” without any need for explicit task-specific fine-tuning.
To be effective, prompts need to be concise, explicit, relevant to
the task at hand, and provide all the necessary context to generate
relevant outputs aligned with the intended objective. Hence, for the
query generation setting, we consider three key aspects of inter-
est: (a) query length variations (b) stylistic variations, e.g., spelling
errors, and (c) inclusion of information associated with product
features (e.g., usage of a medicine). We employ two different prompt-
ing methods to generate queries: static prompting and dynamic
(or policy-based) prompting. To describe the prompt generation,
we use the following notation. For each product a in catalog A,

let x4 = [xfzm, xg“me,x}f,xf, -+ ] denote the associated attributes.

Here, x5 and x™¢ correspond to the category and name while

[x(fl, xf -+ -] refer to the rest of product fields (e.g., active ingredi-
ent) specific to the category. Let s(f;) denote a string descriptor for
each field, e.g., s("active") = "containing active ingredient".

Static Prompting: Static prompts utilize a fill-in-the-blank tem-
plate that is parameterized by specific characteristics of products
in a given category. For any product category, one can construct a
default prompt of the form:

"Generate queries for x§4 x14me 5(f;) x;l s(f2) xf cee

For pharmacy products, we used the following template to guide
the LLM in generating queries:

"Generate queries for the prescription drug x}%™¢
containing active ingredients x%¢/i%¢ ysed to treat x4

By plugging in the relevant values for parameters, we create
specific prompts for each product in the catalog and generate mul-
tiple queries for each item, leveraging the comprehensive knowl-
edge of the underlying LLM (Figure 2A). Generating queries from
static prompting is easy to implement and audit. The queries gener-
ated provide a good coverage across products unrepresented in the
search click logs while including appropriate context from product
attributes based on the patterns learned by the LLM from its own
world knowledge. However, a key drawback is that the prompts are
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Figure 1: A. Schematic of complete training pipeline of classification model. B. Synthetic query generation via Dynamic
policy-based prompting of a pretrained LLM. C. Synthetic query generation using a fine-tuned LLM.

less flexible in adapting to a wide range of scenarios as the fixed
template and parameters may not cover all possible variations or
context-specific nuances, potentially leading to less diverse and less
contextually relevant prompts. Static prompts are prone to bias due
to the template structure and parameter choices. For example, not
all queries contain active ingredients since customers may search
for drugs only by usage.

Dynamic Policy-based Prompting: Dynamic policy-based
prompting (shown in Figure 1B) follows a template similar to static
prompt except that the prompt components are generated in prob-
abilistic fashion that allows selective retention or dropping of parts
of the prompt string to control over the query generation. Figure
2B shows variations of queries that can be constructed for the same
product. Table 1 summarises the prompt components and the pol-
icy parameters that determine the inclusion probabilities used for
Pharmacy category.

The key idea is to consider a prompt generation policy p com-
prising both stylistic and product field inclusion parameters as
in Table 1 for Pharmacy domain. Intuitively, the best choice of
parameters is the one that optimises the downstream query clas-
sification task. Since the modeling pipeline comprising synthetic
query generation and classifier model training does not have a

closed analytic form, we employ a Bayesian approach [24] that is
suitable for optimizing the hyperparameters of a blackbox module
that can be evaluated on a validation set. This approach involves
iteratively learning of a probabilistic model of the mapping from
hyperparameter values to the desired objective function using an
explore-exploit approach for evaluating promising hyperparameter
configurations taking into account both uncertainty as well as likely
utility. Specifically, in the current work, we use Hyperopt [2] to
fine-tune the prompting policy parameters to maximize the valida-
tion accuracy of the query classifier trained with synthetic queries
produced by the underlying language model as shown in Figure
1A. The optimization finds the best policy parameters that strike a
balance between query diversity and relevance, resulting in queries
that closely resemble authentic customer queries and also improve
classification performance. Dynamic prompting allows continual
learning of the prompt generation policy which is useful when the
query distribution changes over time.

4.2 Interaction volume modeling

For each of queries generated as per Section 4.1, we also estimate
the likely interaction volume vsy, (g, a) associated with the product-
query pair (g, a), which can be used to appropriately weight the
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Generate a search query for the following prescription drugs product to search on Amazon:

A. LLM. Category
Prompting ' zolcalm strip of 10 tablets having active ingredients as melatonin zolpidem tartrate used for sleeping.
(static) ltem Name Active Ingredients Usage
Generate a search query for the following prescription drugs product to
B. LLM Pactive ingr. search on Amazon: zolcalm strip of 10 tablets having active ingredients as
P;ompting Pusage melatonin zolpidem tartrate used for sleeping. The query should have spelling_mistakes.
(policy) Pmisspelling
Generate a search query for the following prescription drugs product to search on Amazon:
zolcalm strip of 10 tablets used for sleeping.
<item name> atorva 80 strip of 10 tablets <active ingredients> atorvastatin calcium
<usage> high cholesterol <category> prescription drugs <query> atorva tab <end>
Trainin
. 9 <item name> atorva 80 strip of 10 tablets <active ingredients> atorvastatin calcium
t?J.nZZ]?_-LM <usage> high cholesterol <category> prescription drugs <query> cholesterol tablets <end>
In <item name> zolcalm strip of 10 tablets <active ingredients> melatonin zolpidem tartarate
nference

<usage> sleep <category> prescription drugs <query>

Figure 2: A. Static prompt for the product "zolcalm strip of 10 tablets". B. Dynamic policy-based prompting strategy to generate
queries for the same product. C. Fine-tuned LLM-based strategy to generate queries for the same product.

Table 1: Components of a dynamic prompt generation tem-
plate along with parameters that determine the respective
inclusion probabilities and their optimal estimates obtained
via Bayesian hyperparameter tuning [24].

Prompt String Incl. prob. Distribution ~Optimal
Generate queries 1
of length K Pt Bernoulli 0.43

K ~NB(r,pr) Negative 0.61

Binomial

for xJj4me 1
with active ingredient x2  pactive Bernoulli 0.08
used for treating xzsag €. Pusage Bernoulli 0.39
Include misspelled queries.  pms Bernoulli 0.95

queries during the training of the query classification (or rank-
ing) model. Since the synthetically generated query logs might
not occur in past search logs, we model the interaction volume
for a product-query pair (g, a) by considering two signals: (i) the
customer demand for the product a based on observed search logs
with adjustment for new products, and (ii) the probability of gen-
erating the query g from the LLM for the product a. Note that the
interaction volume considers a weighted combination of clicks,
cart-adds, and purchases to ensure high intensity interactions are
appropriately accounted for. First, we estimate for each product in
the catalog the likely customer demand by considering the sum of
customer interactions for that product across all the queries in the
training search logs, i.e., (Zq’Eszm Vtrain(q’, a)). To accommo-
date new products that lack historical interactions, we employ a
smoothing adjustment with an interaction volume of 1. For a given
query g, we estimate the volume associated with the query-product

pair (g, a) as

vsgn(g.@) =[1+ > vrain(g@) |- P (qla)  (2)
q/thrain

where Qtrqin denotes the observed queries and P 9" (g|a) is the
probability of generating query g given product a by the LLM.

The sum of interaction volumes of query g for products in the
class ¢ € C = {0,1} is given by ¥ ;¢ 4, Usyn(q, @), which can be
used to determine the relative weight of query ¢ when combining
it with the true observations prior to training the classification
model. Since the LLM is trained on the search logs, the probabil-
ity of generating a query given a product reflects the search log
distribution. Hence the above estimation approach is accurate for
organic search queries and ensures consistency between synthetic
and organic queries. The proposed method thus generates high
quality synthetic labeled queries for products in A along with the
associated interaction volumes.

5 EXPERIMENTS

In this section, we demonstrate the efficacy of the proposed syn-
thetic query generation on multiple datasets by presenting our
results on the research questions mentioned in Section 1.

5.1 Datasets

We benchmark our approach on an internal proprietary dataset and
two external datasets described below:

Ecom-Pharmacy: This data is sampled from real customer in-
teraction data obtained from an e-commerce Pharmacy store. We
partition the dataset into three temporally separated sets: train,
val, and test. The train set consists of data from Dec 2022- Jan
2023 while the val and test sets consists of data from Feb 2023 and
Mar 2023 respectively. In the case of synthetic query generation
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via dynamic policy prompting, we first learn the classifier on the
train split and use the val split to determine the ratio for mixing
synthetic and real datasets and other prompting policy parame-
ters. Even for synthetic generation via finetuning LLM, we adopt
the same approach to determine the mixing ratio with the LLM
also fine-tuned on the train split. Once the hyperparameters are
learned, we retrain the classification model on the combination of
train and val as well as the synthetic data. Finally we evaluate
the performance on the unseen test set. The temporally disjoint
train, validation, and test sets enable us to accurately assess the
generalisation capabilities of our classifier and generative models.
To construct the dataset, we start with the pharmacy catalog,
which is the ground truth list of products from the target category
and create a list of "weak pharmacy intent queries" that have led
to at least 5% of clicks from Pharmacy products. For each of these
queries, we retrieve all the clicked products (A) and classify them
into two categories: Pharmacy and Non-Pharmacy products. Next,
we retrieve all the queries that are associated with the products
in A. This set of queries goes beyond the initial "weak pharmacy
intent queries". For each of these queries, we map it to the binary
categories (pharmacy or non-pharmacy) based on the interaction
volume with associated products and use this mapping to train the
query classifier. For fine-tuning the generator, we directly leverage
the product-query pairs associated with the set of products A
weighted by the interaction volume of the product-query pair.
WANDS [6]: This is a product-search relevance dataset released
by WayFair primarily focusses on home improvement. It consists
of 233,448 product-query relevance judgements with 480 unique
queries and 42,994 unique products. The relevance judgements span
three levels - namely ExactMatch, PartialMatch and Irrelevant.
This dataset also includes product metadata (e.g., product name,
class) for all the products. There is no notion of interaction volume,
but the availability of product metadata permits evaluation of the
benefits of different approaches for the synthetic query generation
on the downstream query classification as well as ranking tasks.
Home Depot [8]: Similar to the WANDS dataset, the Home
Depot dataset is also comprised of product-query relevance anno-
tations (74K train examples and 166k test examples), the difference
being that the annotations are in the form of a real-valued score.
We split the data into three buckets -Irrelevant, PartialMatch
ExactMatch, by considering score thresholds corresponding to the
33rd and the 66th percentile. As in the case of WANDS, product
metadata is also available but there is no interaction volume.

Table 2: Performance of various strategies on correctly iden-
tifying the queries with pharmacy intent (PR-AUC, PR-AUC-
LF) and synthetic query quality metrics (BERT-score) along
with computational costs.

Strategy PR-AUC PR-AUC-LF BERT-score Compute Cost

None 78.16% 72.16% - 1x
SP 78.47% 72.13% 83.72% 1.9x
PP 80.50%. 78.63% 82.85% 4.2x

FTG 80.01% 77.03% 90.27% 2.3x
FTF 81.12% 79.05% 91.62% 7x
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5.2 Algorithms
We implement our proposed approach using the following LLMs:

BERT-tiny: (4.4M params) is used for query classification for
Ecom-Pharmacy dataset.

DistilGPT2: (82M params) is a decoder-only model derived from
GPT2, which we use for fine-tuning on the Ecom-Pharmacy dataset
for product to query generation. Due to its small size and lack of
instruct-tuning, it is not amenable for prompt-tuning.
FLAN-UL2: (20B params) is an encoder-decoder model based on
the T5 architecture with additional instruction tuning. We use it for
prompt tuning (static and dynamic) on the Ecom-Pharmacy dataset.
The large model size makes it expensive to fine-tune and hence, we
do not use it for the fine-tuning based query generation.
FLAN-T5-XXL (encoder): (5B params) is the encoder component
of FLAN-T5-XXL, fine-tuned for classification task. The model is
used for classification task of the two external datasets.
FLAN-T5-XXL: (11B params) is an encoder-decoder model based
on T5 architecture with instruction tuning. We use it for fine-tuning
and prompt tuning (static and dynamic) for the datasets WANDS and
HomeDepot and also for fine-tuning on Ecom-Pharmacy.

Our evaluation considers three query generation strategies: a) SP:
Static Prompting, b) PP:Policy-based Prompting, c) FT:Fine-Tuning
on user queries. In the case of external datasets, we use Flan-T5-XXL
for all the approaches. However, for Ecom-Pharmacy, we use Flan-
UL2 for the first two prompting based approaches and one smaller
model DistilGPT-2 (FTG) and one comparable model Flan-T5-XXL
(FTF) for finetuning. For all the datasets, we train the classifier with
real customer queries to construct the baseline and merge the real
data with synthetic data to learn the augmented models. For the
latter, we use the real customer data as is, while we scale up/down
the proportion of synthetic data based on a scaling factor (0.6 — 1),
which is determined using hyperparameter tuning.

5.3 Metrics

Classification Metrics. To assess the performance of our classi-
fier model, we measure PR-AUC (Precision-Recall Area Under the
Curve) on the out-of-time test set. We report the PR-AUC scores
for the entire test set and also specific subsets of interest such as
low frequency (bottom 30 percentile) queries (PR-AUC-LF).
Generation Metrics. We also evaluate the quality of the gener-
ated queries by employing secondary Natural Language Generation
(NLG) metrics. To assess the similarity of the generated queries to
human-written queries, we compute the BERT-score [32], which
measures the semantic similarity between the generated queries
and the target queries.

Ranking Metrics. On the external datasets, since the class labels
are ordered, we also evaluate the ranking performance using the
approach in [5]. For each query-product pair, we compute the score
as follows in case of WANDS datasets.

Ei= Y pyllx) s w

Jj={E,P.I}

wj={E=2.0,P=10,1=00},
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Table 3: Sample queries through different generation strategies on Ecom-Pharmacy dataset.

Customer Queries FTG SP PP FTF
zolcalm zolcalm zolcalm zolcalm strip of 10 tablets zolcalm
zolcalm tablet zolpidem tartrate zolcalm alprax

melatonin zolpidem tartrate zolcalm strips
zolcalm tablet

alprax

zollicalm tartrate strips sleeping aid tablet
zolcalm strip of ten tableets melatonin tablet

Table 4: Performance of various strategies on classification
task (PR-AUC), ranking (NDCG@10) and synthetic query
quality metrics (BERT-score).

Strategy PR-AUC (micro) NDCG@10 BERT-score

WANDS

None 81.10% 94.11% -
SP 81.46% 94.31% 82.68%
PP 82.00% 94.76% 83.99%
FT 82.45% 95.22% 85.57%

Home Depot

None 63.80% 96.45% -
SP 64.31% 97.72% 82.07%
PP 64.82% 97.78% 83.01%
FT 65.33% 97.98% 86.38%

where E, P, I denote ExactMatch, PartialMatch and Irrelevant
respectively. We then compute Normalized Discounted Cumulative
Gain (NDCG@10)[29] for queries by ranking products based on E;.

5.4 Results & Discussion

In this section, we discuss the relative efficacy of our proposed
strategies for synthetic generation and interaction volume estima-
tion in the context of our research objectives.

RQ1. Does augmenting training with synthetic data improve clas-
sification performance?

Table 2 presents a comparison of performance of the classifiers
trained with synthetic data along with that of the baseline ("None")
where no query augmentation is employed. We observe that the clas-
sifier trained with synthetic data generated using the FTF strategy
exhibits the highest improvement, achieving a significant increase
of +2.96% compared to the baseline. Next, the classifier trained with
synthetic data generated using PP demonstrates a performance in-
crement of +2.34%. Following closely, the FTG strategy improves the
performance by +1.85%, since DistilGPT-2 is considerably smaller
than the FLAN-T5-XXL model. On the other hand, the SP strategy
yields the lowest improvement of only +0.31% over the baseline.
Classification performance on low frequency queries (PR-AUC-LF)
follows the same trend with FTF yielding the highest improvement
followed by PP, then FTG and SP, respectively but the gains from
synthetic generation using PP, FTG and FTF are substantially more.
We observe similar behaviour on the external datasets as shown
in Table 4 where the proposed approach consistently performed
better than baseline of not augmenting the train set with synthetic
samples. Since, the classification task on external datasets had three

labels each, the PR-AUC reported is micro-averaged across the la-
bels. Even in case of the ranking task, we observe that the ranking
performance (NDCG@10) consistently improves when the training
data is augmented with synthetic queries with the relative gains
following the same trend (i.e., FT outperforms PP which in turn
outperforms SP) as in the case of classification.
RQ2. How do the synthetic generation strategies differ?

To answer this question, we evaluate the models based on natural
language generation metrics, specifically focusing on the BERT-
score. For the test data, we consider each customer search query
and the associated product. We generate eight synthetic queries
for each product and compute the BERT-score by comparing the
customer search query with the synthetic queries. The results show
that the synthetic queries generated using FTF achieve the highest
BERT-score (see BERT-score in Table 2 of 91.62%. This outcome is
expected since Flan-T5-XXL is fine-tuned on historical product-to-
query data from customers, enabling it to generate synthetic queries
that closely resemble customer queries. The FTG strategy achieves
the next highest BERT-score of 90.27%, since it is also fine-tuned on
customer data but does not have the same modeling capacity due
to smaller model size. While the policy-based prompt strategy (PP)
yields the lowest BERT score of 82.85% since it is not trained on
product-to-query data, it does more diversity in the training (see
Table 3), which helps improve the classifier performance. We also
observe that all strategies, except PP, result in similar average query
lengths of about 3.2. The PP strategy yields an average query length
of 3.48, reinforcing the claim that the diversity introduced by this
strategy contributes the most to improving classification accuracy.
Table 1 lists the optimal choice of parameters determined using
Bayesian optimization approach on the internal Pharmacy query
dataset, which provides a sense of customer query distribution. For
example, the high value of pj,s = 0.95 indicates high rate of spelling
errors while pgerive = 0.08 points to active ingredients rarely being
mentioned in the queries. These findings highlight the effectiveness
of different synthetic generation strategies in improving classifi-
cation performance and provide insights into the strengths and
weaknesses of each strategy. Comparing the compute cost for each
of the strategies (see Table 2), we observe that the relative compute
cost for FTF is the highest and PP is the next highest, while that
of SP and FTG strategies are the lowest among the augmentation
strategies. In general, the results point to the efficacy of synthetic
generation by fine-tuning (FT) a moderate-sized LLM or policy-
prompting (PP) a high performant LLM. The appropriate choice
for a context would depend on considerations such as labeled data
availability, computational costs, as well as the relative importance
of downstream objective and adherence to observed distribution.
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Figure 3: Precision vs Recall plot on Ecom-Pharmacy dataset computed across A. the complete test set and B. computed across
low frequency keywords (with less than 30 percentile interaction volume) in test set.

Table 5: Ablation experiment with and without interaction
volume estimation for FTF model on Ecom-Pharmacy dataset.

Model PR-AUC PR-AUC-LF
With Interaction Vol. 81.12% 79.05%
Without Interaction Vol. 80.20% 78.80%

RQ3. What is the impact of interaction volume estimation?

To evaluate the benefits of the interaction volume estimation, we
performed an ablation experiment without uniform weighting (no
volume estimation) on the synthetically generated queries for the
Ecom-Pharmacy dataset (refer Table 5). We observe a difference in
overall PR-AUC of 0.92% and PR-AUC-LF of 0.25% which can be
attributed to the weighting based on interaction volume. In the
absence of interaction volume estimation, all the generated key-
words are weighted equally, which results in high-volume queries
being under-represented and the low-volume ones being over-
represented. Hence, the drop in performance for low-frequency
keywords is not as much as the overall drop.

6 DEPLOYMENT

We performed a live A/B test comparing the search results of the
proposed approach against the production model under following
setup. For the queries identified as pharmacy intent by the pro-
posed model we restrict the retrieved results to products from the
pharmacy store in the treatment and in the control the retrieved
results are ranked by the production model. For evaluation, the
query-product result pairs were split into four groups: ExactMatch,
Substitute, Complement and Irrelevant [19], with the primary
metric being the fraction of Irrelevant results for a query (less is
better) and safety guardrails on the fractions of other groups. We
observed that the irrelevance rate in the treatment decreased signifi-
cantly by 3.07% compared to the control, pointing to the superiority
of the proposed approach. For the head/torso/tail queries, the irrel-
evance rate decreased by 1.30%, 2.32% and 4.14% respectively in the
treatment. The treatment also outperformed control by retrieving
+3.35% more ExactMatch products and +0.23% more Substitute

products compared to control. However, the treatment fetched
-0.51% lower complementary products compared to the control.
Since complementary (e.g., fetching “steamer” for “cough syrup”
related queries) products had low relevance, the end user experi-
ence was consistently improved with increase in ExactMatch and
Substitute results and reduction of Complement and Irrelevant
results leading to production deployment.

7 CONCLUSION

Our work presents a novel methodology to improve search query
classification for new categories under-represented in historical
customer search activity using synthetic augmentation through
generative LLMs and simulation of likely interactions. We evalu-
ate two generation approaches based on fine-tuning an LLM with
historical data and Bayesian prompt optimization of a LLM account-
ing for downstream task performance. Our key learnings can be
summarised as follows: (i) Incorporating synthetic queries into the
training of the classification and ranking models in a systematic
way leads to superior model performance with benefits amplified
for low-frequency and cold-start scenarios, where customer inter-
action data is scarce. (ii) Choice of the best augmentation strategy
depends on multiple consideration such as (a) availability of data to
fine-tune the model, (b) access to computing resources, (c) access to
model parameters. Dynamic Policy-based Prompt optimization (PP)
offers a feasible high performing solution even when fine-tuning is
not possible. (iii) Query characteristics vary with the generation
approach. For instance, the prompt optimization (PP) results in
more diverse queries that have low BERT-scores relative to the
fine-tuning approach (FTG, FTF) with respect to historical data
but yield high test classification performance. Our findings on the
benefits and considerations of training with synthetic data, such as
the trade-off between query realism and diversity, have broad ap-
plicability to other classification and ranking scenarios that utilize
a combination of text and customer behavioral signals.
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