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ABSTRACT
Automatic extraction of attribute preferences from search queries is
a critical problem in providing accurate product recommendations
to customer. The task becomes even more challenging in cold-start
settings where we do not have any supervised/labelled data avail-
able to train ML models. In this work, we implement a novel dataset
generation pipeline (LLM-API) that leverages Large Language Mod-
els (LLMs), search logs and proprietary product information data
from an ecommerce website to create a high quality dataset. Our
proposed pipeline of LLM-API is robust as it can generalize to any
product category with minimal changes in the LLM prompts. For
the problem of converting product search queries to API calls we
propose a multi-task schema generator model which we train on
our generated dataset. Experiments on an internal test set reveals
that our proposed model achieves an improvement of ≈ 9.6% and
≈ 5% in Exact Match and Micro-F1 respectively, over competitive
baselines. Benchmarking our approach on public test set of search
queries further reveals a gain of ≈ 8.6% and ≈ 10.5% in Exact Match
and Micro-F1. We further demonstrate that our approach outper-
forms a state-of-the-art LLM (Claude) applied on our task using
few-shot prompting and CoT reasoning, while at the same time,
achieves improvement in inference latency.

CCS CONCEPTS
• Information systems → Search interfaces; • Computing
methodologies→ Information extraction.
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1 INTRODUCTION
Large selection and attractive pricing have made online shopping
extremely popular in recent years. Users can search from a vast
and diverse catalog of products and purchase them as per their con-
venience. Despite its popularity, online shopping lacks the human
touch of an offline store where a trained sales-person can assist
users in identifying the right product that suits their need. Navigat-
ing through a vast array of products on an e-commerce website can
be a daunting task for users. Further, limited capability of search
engines in comprehending natural language queries can make the
experience quite harrowing.

Figure 1: Motivation behind the task of mapping customer
query to filters. Having a proprietary system that is able
to map the search queries to a set of filters which need to
applied, can yield more appropriate search results.

As an example, consider the following scenario: e-commerce
catalog contains product attribute information which are key-value
pairs listed by the seller e.g. a laptop is described by attributes
such as memory size (“RAM=16GB”), processing unit (“CPU=Intel
core i9”), storage (“HDD size=512GB”) etc. Users mention these
product attributes in their search queries to find products that meet
their requirement. For example, if a user types “HP laptop 4g or
more, under 1k” the intent is to search for popular laptops with
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“Brand=HP”, “RAM >= 4 GB” and “price <= $ 1000” The utterance
can be ambiguous (’4g’ can mean mobile communication standard
4G or 4GB of RAM) and complex (’under 1k’ implies that the price
should be below $1000). Traditional product search engines have
limited abilities in understanding natural language queries; as a
result, when users input intricate queries such as above, the search
result may not reflect or adhere to all the specified criteria, resulting
in an unsatisfactory user experience.

The advent of Large Language Models (LLMs) in recent years
has opened up new avenues for developing sophisticated natural
language interfaces for product search. The primary expectation
from such an interface is to provide users with the flexibility to
formulate queries using natural language, while ensuring that the
search results accurately reflect and honor the preferences and
criteria specified in those queries. We set few desiderata for such an
interface: 1) should accurately extract user’s mention of attribute
key-values from a complex, ambiguous and noisy natural language
query 2) scale the solution across categories with limited to no
supervision, 3) should be of low latency so that the solution can be
deployed in a live system serving millions of customers.

In this work, we study the problem of designing a natural lan-
guage interface [? ], [? ] for product search. We assume that the
underlying search system can be abstracted as an API (referred to
as Product Search API) which allows programmatic access to re-
trieve relevant products based on a search query. The core problem
is to extract attribute key-value pairs from noisy, ambiguous and
non-canonicalized user query and use them to filter search results
returned by the Search API. We specifically make the following
contributions in this paper:

1.1 Contributions
(1) We propose a novel automated data-set generation approach

using which we generate a large-scale paired data-set of user
queries from an e-commerce search engine logs collected
from a marketplace and product attributes. Our technique
is completely unsupervised and can scale across categories
effortlessly.

(2) We introduce a novel Large Language Model (LLM) archi-
tecture specifically designed for our task and fine-tuned on
our dataset. This architecture outperforms strong baselines
by up to +9.6% in exact match accuracy. Our solution offers
low latency (approximately 110 milliseconds median latency)
and can scale to serve millions of users.

(3) To demonstrate the effectiveness of our approach, we report
our findings on a public data-set of search queries where our
technique outperforms strong baselines by +8.6% on exact
match and +10.5% on Micro-F1 score.

2 RELATEDWORK
Large Language Models: Recently, Large Language models [? ],
[? ], [? ], [? ] have shown to perform diverse range of tasks quite
effectively with zero-shot and few-shot prompting [? ], [? ], [? ].
Instruction-tuned language models [? ], [? ], [? ], [? ], [? ] have
shown capabilites of following instructions to solve complex tasks.
By converting task descriptions to natural language prompts and

injecting them into PLMs (Pre-trained Language Models), prompt-
based approaches [? ], [? ] leverage task-specific information for
better zero-shot results. Even though these models provide ease
of building solutions with the use of complex prompting which
typically involves In-Context Learning [? ] and Chain-of-Thought
[? ], the latency of these solutions cannot be ignored. As the com-
plexity and number of tokens needed to fulfill the task increase, the
latency increases correspondingly, given the huge size of multiple
billions of parameters of these models. In settings where latency
plays a major role like product search, adverstisement clicks etc.,
using these models out of the box is not the best solution.

Product Attribute Extraction is a close line of work that is
related to our task and solution. The first learning-based methods
for this challenging task required an extensive amount of feature
engineering and did not generalize to unknown attributes and
values [? ], [? ], [? ]. Recent works have adopted BiLSTM-CRF
architectures [? ] , [? ] to tag attribute values in product titles,
due to the advancement of neural networks. [? ] employed BERT
[? ] with a mixture-of-experts module to extract attribute values.
Additionally, some studies have explored soft prompt tuning to
fine-tune a small number of trainable parameters in a language
model [? ], [? ]. Recently, [new llm product extraction paper] have
adopted large language models to for the extraction of product
attributes. However, the task of NL2API requires the attributes and
their values to be canonicalized in the format as required by the
target API.

NL2API: The task of translating natural language inputs into
API invocations is a relatively long-standing problem, with initial
approaches relying on rule-based methods [? ]. Only recently, deep
learning methods [? ? ] are found to outperform rule-based tech-
niques on multiple tasks. DNN based solution for mapping natural
language inputs to API calls (NL2API) have found application in
databases[? ], knowledge graphs [? ], and web tables [? ]. In some
works, NL2API is also addressed as a semantic parsing task that
maps natural language utterances to executable Web APIs. The
main hurdle in the task lies in the lack of training data and the
non-trivial nature of the construction of such training data on large
scale. We target specifically this aspect of the problem in our work.
While crowdsourcing has become a common practice in language-
related research, it is particularly challenging and intriguing when
it comes to NL2API, because of the complicated interplay of natural
language and formal meaning representations as inputs to API.

3 PROBLEM FORMULATION
Given a customer’s query regarding product search, 𝑞, the cus-
tomer’s desired product category 𝑐 and its corresponding filter
space 𝑓𝑐 , the task is to build a model M to identify customer’s
preferred filters schema P such that

M(𝑞, 𝑐, 𝑓𝑐 ) = P = {𝑘𝑖 : 𝑣𝑖 }, 𝑣𝑖 ∈ 𝑓(𝑐,𝑘𝑖 ) (1)
where, {𝑘𝑖 : 𝑣𝑖 } are the filter keys and values in P. Note that the

filter keys𝑘 ∈ 𝑓𝑐 can be of two types which are Free Value (FV) filters
and Categorical Value (CV) filters. For a FV filter 𝑘𝑖 (for example
Price, Colour etc.), the value can be any string (e.g. ‘Obsidian Black’
for ‘Colour’) or real value (e.g. ‘2000’ as ‘Price’). For a CV filter 𝑘𝑖
the value space is ordinal/categorical, with {𝑘𝑖 : [𝑣𝑖 𝑗 ]}, where 𝑘𝑖 is
the filter key and 𝑣𝑖 𝑗 ∈ 𝑓(𝑐,𝑘𝑖 ) are the possible categories.
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Figure 2: LLM-API Pipeline

4 DATA GENERATION PIPELINE (LLM-API)
In this section, we discuss our proposed novel dataset generation
pipeline to obtain (𝑞, 𝑐, 𝑓𝑐 ) tuples and their corresponding preferred
filter schema, P at scale with high accuracy and zero supervision.
We rely on the intuition that, for a search query, 𝑞, if the customer
buys a product in that search session, it is highly likely that the
customer found the search results relevant and precise. In order to
extract unlabelled data on large-scale, we make use of the search
logs and extract the set of customer search queries along with the
top-𝑘 (𝑘 = 3) search results (out of which one is a purchased prod-
uct). We apply additional constraints on the this data (removing
noisy out of category queries, queries having at least 𝑙𝑚𝑖𝑛 and 𝑙𝑚𝑎𝑥

characters, etc.) to make sure that we are getting high quality search
queries. In this work, we experiment on 5 product categories1, how-
ever the pipeline is generic and can be extended to other categories
as well.

Next, we utilize the zero shot generalization capability of LLMs
in a binary classification setting, to determine whether a filter2
𝑘 ∈ 𝑓𝑐 , is mentioned in the customer query 𝑞. Refer to the prompt
we used for filter detection in Prompt 1. Therefore, we obtain the
list of filter keys {𝑘𝑖 } where 𝑖 ∈ (1, 𝑛) and 𝑛 is the number of
predicted keys after using LLM zero shot prompting. We also have
the top-𝑘 search results for the query 𝑞 from search logs. Now, each
product has a set of attribute filter assignments associated with it.
We perform a union on the set of filter assignments across the top-𝑘
products and obtain the combined filter assignments. Since these
products are highly relevant for the query 𝑞, it is quite likely that
the preferred filters by the customer in 𝑞 is a subset of the collected
filter assignments. Hence, we simply choose the filter assignments
corresponding to the customer preferred filters (Figure 2).

The union operation in the second step, provides a list of values
(since two products can have different values for the same filter
key). In addition, attribute filter assignments for products can be
noisy. Therefore, we use LLM for backfilling these filter keys, where

1To make the setting more challenging with overlapping filter spaces, we choose
closely correlated categories of laptops, smartphones, television, air conditioners and
refrigerators.
2We found that open source LLMs do not perform well on determining the exact
filter values as we will see later in the zero-shot prompting results in the experiments
section.

Model Precision Recall F1

Falcon-7b-Instruct (7B) _ _ _
Mistral (7B) +0.093 +0.419 +0.294
FLAN-UL2 (20B) +0.395 +0.462 +0.303
FLAN-T5-XXL (11B) +0.430 +0.628 +0.578

Table 1: Performance of open-source models on the task of
few-shot Filter Detection. Since these numbers are obtained
on the ‘Internal’ set, we report performance metrics relative
to performance of Falcon-7b-Instruct.

we mainly perform two operations. Firstly, we disambiguate the
union of values for each filter to pick a single value conditioned on
the customer’s query 𝑞. Secondly, we prompt the LLM to verify if
the assignment of a filter to its value is correct provided the query 𝑞.
To reduce the number of LLM calls, we achieve the aforementioned
using a single prompt (refer to Prompt 2).

Our dataset construction pipeline LLM-API can be plugged-in
with any arbitrary LLM and is highly dependent on its zero-shot and
few-shot capabilities. We benchmark 4 open-source LLMs FLAN-T5
[? ], FLAN-UL2 [? ], Mistral-7b [? ] and Falcon-7b [? ] insruct version
and empirically determine FLAN-T5 to be the best performing LLM
on the task of filter detection (Table 1). Using FLAN-T5, we obtain
the preferred filters schema of the customer’s query with a relative
improvement in exact match of +4.60% (over FLAN-T5 End-to-
End baseline) on our Internal test set and 61.2% on our publically
available test set (Table 2). Note that we did not use bigger LMs
like Claude or ChatGPT due to legal risks associated with training
models on their generated data for commercial use. We call this
overall data generation pipeline LLM-API using which, we generate
about 50k rows of training data for our downstream models.

5 DATASET DETAILS
Using the LLM-API pipeline with FLAN-T5, we obtain 50k rows of
training data (10k per category). We also collect 1000 unlabelled
queries (200 per category) and conduct annotations over them to
curate our gold standard ‘Internal’ test set. In the annotation process,
we obtain the preferred filters schema P for each (𝑞, 𝑐, 𝑓𝑐 ) tuple.
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Figure 3: Filter distribution of ESCI test set.

Similarly, we obtain an ‘Internal’ validation set of 500 queries (100
queries each category) which we used to tune the hyperparameters
of our models. Note that the ‘Internal’ search queries we choose
are long queries with lengths of at least 8 tokens long to increase
the complexity of the task and train more robust models.

Prompt 1: Filter Detection

Prompt:
“Instruction: You will be given a customer query asking for product recommenda-
tions about {category} . Your task is to determine whether the customer mentions
any preference regarding a particular aspect about the {category} . Here are some
examples as follows: ”

In-context example:
“Query: {icl_example_query}

Question: Does the above customer query mention any particular preference
regarding {icl_example_filter} of the {category} ?
-Yes
-No
Answer: {gold_answer} ”

To benchmark our approach on publically available search queries,
we use the search queries in the Amazon Shopping Queries [? ]
‘ESCI’ dataset. We obtain 268 search queries in the ESCI dataset
belonging to our selected set of product categories after some pro-
cessing on the available data and conduct annotation over them.

We quantify the complexity of both the test sets based on the
number of filters in the search queries’ annotations. Mean number
of filters per query in ‘ESCI’ test set is 1.2, which is comparatively
less than our ‘Internal’ test set. The distribution of number of filters
in ESCI test set is presented in Fig 3. Note that due to our strategy
of data collection through LLM-API, we are able to pick up search
queries that are longer and more complex than queries in the ESCI
set.

6 MODELS
We view the task of mapping customer’s search queries, 𝑞 to their
preferred filters schema, P given the product category 𝑐 and com-
plete filter space, 𝑓𝑐 through the lens of generative models specif-
ically. The task is more complex than NER since not only do we

need to detect the filters in the search query, but also, need to
be canonicalized in the same namespace as the applicable filters.
We categorise the models we used for experimentation into the
following categories.

Prompt 2: Backfilling Verification

Prompt:
“Instruction: You will be given a customer query asking for product recommen-
dations about {category} . Your task is to determine the customer mentions
preference about {filter} as which of the following:

{union_of_filter_values_as_options}

Answer: ”

Baselines: We experiment with zero-shot and few-shot prompt-
ing in different settings with Claude-v2 [? ] and Flan-T5 [? ]. For
Flan-T5, directly zero-shot prompting the LLM to generate pre-
ferred filters schema is not feasible since the model does not adhere
to the filters namespace or structure. Due to this, we prompt Flan-
T5 model in a zero-shot manner filter-by-filter (refer to Section
7.1). For Claude-v2, we experiment with both Chain-of-Thought
and no Chain-of-Thought (only ICL) settings. In addition to these
approaches, we benchmark our LLM-API pipeline with Flan-T5
as the LLM to compare our pipeline’s pseudo-labelling capability
compared to other baselines.

Prompt 3: CLAUDE CoT

Prompt:
“Human: <purpose>You are an expert in detecting filters or customer preferences
from a customer query. Consider the below filter space below.</purpose>

<filters>
{filter_space}

</filters>

<instruction>Given the information in the above dictionary for each cat-
egory, and the customer query about a product. Your task is to identify the filters
that the customer has specified and identify the category of the product that the
customer is looking for and construct JSON with filter key as keys, filter values as
values.</instruction>

<rules>
<rule>First task is to identify the product category. ALWAYS include that in the
response JSON.</rule>
<rule>Second task is to construct the filters JSON</rule>
<rule>Assign only ONE filter value per filter key.</rule>
<rule>Select a filter ONLY if it is mentioned by the customer. You need to be
highly precise about which filters are being specified by the customer and not
assume a filter.</rule>
</rules> ”

In-context example:
“<example>
<query> {icl_query} </query>
<thinking> {icl_thoughts} </thinking>
<response> {icl_ground_truth} </response>
</example> ”

Generative models: Using the pseudo-labelled training data
from our LLM-API pipeline, we experiment with generative models
by fine-tuning them on the training data and testing them on the
Internal and ESCI test datasets. We employ the generative models
with different input and output types to study their performance
on our task (refer to Section 7.2).
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Baseline Dataset Exact
Match (%)

Micro Latency
(s)Precision Recall F1

FLAN-T5 End-to-End Internal _ _ _ _ 2.4582
LLM-API w/ Flan-T5 Internal +4.60% +0.0293 +0.0096 +0.0178 15.526
Claude-v2 no-CoT@5 Internal +6.80% -0.0462 +0.0589 +0.0123 3.0658
Claude-v2 CoT@5 Internal +14.80% +0.0178 +0.0910 +0.0593 5.8480
FLAN-T5 End-to-End ESCI 56.34% 0.7739 0.8027 0.788 2.24
LLM-API w/ Flan-T5 ESCI 61.19% 0.8315 0.7936 0.8121 12.22
Claude-v2 no-CoT@5 ESCI 52.99% 0.6846 0.7962 0.7362 2.69
Claude-v2 CoT@5 ESCI 64.93% 0.8033 0.9177 0.8567 5.53

Table 2: Baselines performance on generating filters schema on ESCI and Internal test datasets. For confidentiality, we report
relative improvements over FLAN-T5 End-to-End baseline on our Internal test set.

Figure 4: Proposed Multi-task Schema Generator (MTSG)
model (best viewed in color).

Hybrid models: Motivated by the performance of Value Gener-
ator models in presence of filter space 𝑓𝑐 , we decided to build hybrid
models. A hybrid model consists of a multi-label classifier, C, which
is trained on the task of filter keys prediction and a generative
model which predicts the filter values conditioned on the predicted
filter keys. Firsly, we train the multi-class classifier to predict the
keys present in the query. Next, we train a value generator model
with two approaches. In the first approach, we train the model to
generate the list of values in a single shot, conditioned on the tuples
(𝑞, 𝑐, C(𝑞, 𝑐)). We call this approach as Multi-Value generation since
we are generating the list of values in a single forward pass. In the
second approach, we train the model to generate one value in a
single forward pass given only one predicted key. We refer to this
approach as Single-Value generation. Although this approach has
more latency due to multiple forward passes, the simplicity of the
task improves the performance as we see in Section 7.3.

Proposed Model (MTSG): Although the single value genera-
tion hybrid models outperform the baselines and performs compet-
itively with Claude-v2 few-shot prompting with Chain-of-Thought

(Table 4), there is the inconvenience of maintaining two different
models. To simplify our approach while maintaining the gain in
performance, we propose the Multi-task Schema Generator (MTSG)
model. Our proposed model, uses the BART model as the base ar-
chitecture. BART is an encoder-decoder model where the encoder
hidden states have cross attention with the decoder outputs on
every layer. We use the BART’s Encoder as the shared encoder for
both the tasks of key detection and value generation. On top of
the encoder we establish a multi-label classification head which
performs the filter key detection over the filter space 𝑓𝑐 . To en-
courage the sharing of parameters more explicitly, we establish a
connection between the <bos> token embedding to the decoder
hidden states using token-wise addition of <bos> token embedding
to each token’s decoder hidden state (Figure 4). The model is jointly
trained on the objective of reducing both the classification loss and
the language modelling loss as 𝐿𝑙𝑜𝑠𝑠 = 𝜆𝐿𝐶𝐿 + (1 − 𝜆)𝐿𝐿𝑀 , where
𝐿𝐶𝐿 is the multi-label classification loss and 𝐿𝐿𝑀 is the language
modelling loss. The parameter 𝜆 is tuned on the validation set.

7 EXPERIMENTS
We experiment and obtain results on both the Internal test set and
the ESCI test sets. We measure standard metrics like standard Micro
Precision, Recall and F1-scores. The former are more lenient metrics,
hence we also report Exact Match (EM) % of the extracted filters.
Note that a predicted filters schema P is an exact match with the
ground truth, G only if all the predicted filter values are correct
and there are no missing or extra filter keys in P. In other words,
exact match is defined as 1

𝑁

∑𝑁
𝑖=1 𝐼 (P𝑖 = G𝑖 ).

7.1 Baselines
Zero-shot prompting and few-shot prompting with Flan-T5 resulted
in poor performance due to the complex nature of the task. To
mitigate this, we divided the task into two parts. Firstly, we used
Flan-T5 to detect which filter keys are customer’s preferred keys in
𝑓𝑐 . For this task, we prompted the LLM |𝑓𝑐 | times in a key-by-key
manner. Now, for each predicted key, 𝑘 , we again prompted Flan-T5
to provide us the filter values conditioned on the value space 𝑓(𝑐,𝑘 ) .
Note that we use this baseline of Flan-T5 End-to-End to calculate
relative improvements of other baselines/proposed approaches on
our Internal test set. Using the Flan-T5 end-to-end approach, we
obtained an exact match of 56.34% (Table 2) on the ESCI test set.
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Setting Target Exact
Match (%)

Micro Latency
(s)Precision Recall F1

Key-Value Generation Internal -12.10% +0.0408 -0.1885 -0.1133 0.1790
Value Generation Internal +4.70% +0.0480 +0.0254 +0.0349 0.1394
Value Generation w/ 𝑓𝑐 Internal +4.80% +0.0491 +0.0287 +0.0374 0.1367
Key-Value Generation ESCI 61.19% 0.8351 0.7803 0.8068 0.1315
Value Generation ESCI 63.67% 0.8720 0.8571 0.8645 0.1003
Value Generation w/ 𝑓𝑐 ESCI 63.28% 0.8758 0.8729 0.8744 0.0978

Table 3: Performance of BART-large models fine-tuned on text generation task upon pseudo-labelled queries with LLM-API
(w. FLAN-T5) in different settings. We record the performance and latency on Internal and ESCI test datasets separately. For
Internal set, we report relative improvements over FLAN-T5 End-to-End baseline in Table 2.

Approach
Type Models Dataset Exact

Match (%)
Micro Latency

(s)Precision Recall F1
Multi-Value generators Keysource = LLM-API Internal +6.50% +0.0399 +0.0460 +0.0438 0.1447
Multi-Value generators Keysource = Student Internal +9.60% +0.0317 +0.0984 +0.0697 0.1230
Multi-Value generators† Keysource = Oracle† Internal +23.00% +0.0784 +0.2038 +0.1474 0.1491

Single-Value generators Keysource = LLM-API Internal +13.90% +0.0337 +0.1162 +0.0803 0.2175
Single-Value generators Keysource = Student Internal +16.60% +0.0602 +0.1397 +0.1051 0.2517
Single-Value generators† Keysource = Oracle† Internal +27.70% +0.0803 +0.2232 +0.1581 0.2252

Proposed Model MTSG-BART-large Internal +14.20% +0.0145 +0.1118 +0.0688 0.1082

Baseline LLM-API w/ Flan-T5 Internal +4.60% +0.0293 +0.0096 +0.0178 15.53
Baseline Claude-v2 CoT@5 Internal +14.80% +0.0178 +0.0910 +0.0593 5.848

Multi-Value generators Keysource = LLM-API ESCI 64.18% 0.7976 0.9306 0.859 0.0985
Multi-Value generators Keysource = Student ESCI 66.67% 0.8595 0.9007 0.8796 0.0887
Multi-Value generators† Keysource = Oracle† ESCI 79.48% 0.9649 0.9649 0.9649 0.0994

Single-Value generators Keysource = LLM-API ESCI 65.67% 0.8000 0.9315 0.8608 0.1198
Single-Value generators Keysource = Student ESCI 70.15% 0.863 0.9659 0.9115 0.1302
Single-Value generators† Keysource = Oracle† ESCI 80.60% 0.9653 0.9619 0.9636 0.1072

Proposed Model MTSG-BART-large ESCI 69.78% 0.8926 0.9438 0.9174 0.0993

Baseline LLM-API w/ Flan-T5 ESCI 61.19% 0.8315 0.7936 0.8121 12.22
Baseline Claude-v2 CoT@5 ESCI 64.93% 0.8033 0.9177 0.8567 5.532

Table 4: Performance of our proposed models and approaches on generating filters schema on ESCI and Internal test datasets.
We also show comparison with two competitive baselines of LLM-API with Flan-T5 and Claude-v2 5-shot prompting with
Chain-of-Thought. Results which are marked with †, are based on hypothetical Oracle which supplies the generative model
with gold filter keys. We provide this scenario only for comparison and hence those results are not highlighted in bold. Our
proposed model (MTSG) results are highlighted in italics. Here also, for our Internal set, we report relative improvements over
FLAN-T5 End-to-End baseline in Table 2.

We run our proposed LLM-API pipeline with Flan-T5 as the LLM
on the test sets and obtain the performance numbers. We can see
that our proposed data curation pipeline as baseline obtains an
exact match of +4.60% and 61.19% on the Internal and ESCI test
datasets. This suggests that our pseudo-labelling approach with
LLM-API results in better training examples for our smaller models
to learn from.

Next, we use the Claude-v2 model’s few-shot prompting tech-
nique to generate preferred filters schema from customer’s query.
We employ best prompting practices with presenting the informa-
tion and providing the rules in XML tags for the model to under-
stand the prediction setting better. We report performances with 5
examples with Chain-of-Thought and without Chain-of-Thought

prompting. As indicated in Table 2, Chain-of-Thought prompting
achieves good performance on the both the datasets with exact
matches of +14.8% and 64.93% on Internal and ESCI test datasets.
Although the performance of Claude is quite promising, the latency
is about 6 seconds, rendering it quite inefficient. This motivated us
to experiment with smaller models which are not computationally
expensive.

7.2 Generative models
We train our generative models specifically BART-large on the task
of filter schema generation in three settings. In the first setting of
‘Key-Value generation’, the input sequence consists of the customer
query and the product category, and the target sequence consists
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of both filter keys and values separated by delimiter ‘;’. In another
setting ‘Value Generation’, we keep the same input sequence as the
former, but in the target sequence we only generate filter values3. In
the next setting, we include the complete filter space, 𝑓𝑐 in the input
sequence along with the customer query and product category and
then we generate filter values. We symbolize this setting as ‘Value
Generation w 𝑓𝑐 ’.

In Table 3, we show the results of all three settings on both
Internal and ESCI datasets. Empirically, we observe that the Key-
Value Generation setting does not work well compared to Value
generation settings. The best performing generative setting is when
we include the filter space in the input sequence and generate the
filter values (see Table 3). The results indicate that including the
key names in the input sequence positively affects the model and
boosts the performance.

7.3 Hybrid models
For building hybrid models, first step is to train a multi-label clas-
sifier on the LLM-API pseudo-labelled train set. We choose BERT-
large model on the task of filter key prediction and use it in our
further experimentation.

As mentioned in section 6, we explore two approaches in hy-
brid models, Multi-Value and Single-value generation. In both the
approaches, we hypothesized that the filter key source during pre-
diction step have a significant effect on the performance of the
hybrid models. To study this, we experiment with three different
predicted key sources, which are LLM-API predicted keys, Student
model predicted keys (BERT-large trained on LLM-API outputs) and
Oracle keys. The oracle setting is a hypothetical setting, which as-
sumes access to gold filter keys from the test data and the generative
model is tasked to predict their corresponding filter values.

We present our findings in Table 4, where we can observe that
the hypothetical oracle setting obtains much higher exact match
of +27.7% and 80.6% on Internal and ESCI datasets respectively.
Our best performing hybrid model with Single-value generation
approach and keys obtained from student model, obtains an ex-
act match of +16.6% and 70.15% on Internal and ESCI datasets
respectively. Note that our approach of single value generation also
outperforms Claude-v2 with CoT baseline by 1.8% and 5% on both
test sets with over 95% reduction in latency.

7.4 Multi-Task Schema Generator (MTSG)
Using the architecture described in Section 6, we optimize the
hyperparameter 𝜆 which assigns the weight of the two tasks (clas-
sification and generation). We perform a linear sweep over the
values of 𝜆 from 0.1 to 0.9 with the intervals of 0.1 and observe
the best performance on the validation set. Our proposed approach
with BART-large performs competitively even against the single
value generative setting, obtaining an exact match of +14.2% and
69.78% on Internal and ESCI test sets respectiveky. We empirically
observe that 𝜆 = 0.4 performs the best on the validation set and
report our metrics on the same. Our proposed approach performs
the best after the Single value generation hybrid models predicted
by student model with over 55% more reduction in latency. Our
model not only outperforms the LLM-API baseline significantly,

3Feature values by themselves can be mapped to their feature keys deterministically.

Customer Query Predicted Filters

dell ryzen 5 laptop 16gb
ram 512 ssd 4gb grafic

{’Brand’: ’Dell’, ’CPU Type’: ’AMD Ryzen 5’,
’HDD-Size’: ’500 - 999 GB’,
’Dedicated Graphics Memory’: ’4 to 5 GB’,
’RAM Size’: ’16 GB’}

motorola mobile phones
under 500

{’Brand’: ’Motorola’,
’Price Upper Limit’: ’$ 500’}

samsung led smart tv
43 inch google

{’Brand’: ’Samsung’,
’Display Size’: ’40 - 47 in’,
’Smart TV Platform’: ’Google TV’,
’Display Technology’: ’LED’}

lg dual inverter ac
1.5 ton copper ocean black

{’Brand’: ’LG’, ’Color’: ’Ocean Black’,
’Capacity’: ’1.4 to 1.5 Tons’}

Table 5: Example predictions fromour proposedMTSGmodel
across different product categories, showing its innate query
understanding capabilities.

but can also be trained end-to-end, easier to maintain and provides
a comparable performance against the best performing models.

8 QUALITATIVE STUDY
We provide example predictions of our model in Table 5. Note that
our approach is able to predict complex filter sets involving multiple
customer preferences. We can also see innate understanding of the
model in binning the ‘43 inch’ value rightly into the ‘40 - 47 inch’
filter value. The provided examples also highlight the capability
of the model in accurately determininng non-categorical values of
‘Price Upper Limit’ and ‘Color’.

We present a case study analyzing the impact of search results
from a Search API by comparing the results obtained from (1) using
the customer’s query as keywords, and (2) extracting and applying
the customer’s preferred filters while keeping other parameters the
same. Since we need to determine the relevance of the products
manually, we conduct this qualitative study only on a small set of
query examples, randomly sampled from the test set and analyze
top 10 search results per query. For the query, ‘laptop brand HP
price less than 400’, we observe that 100% products are HP laptops
and 80% products satisfying price limit. In case of the query ‘laptop
gaming ram 16gb’, 100% products retrieved by querying with our
techniques satisfy the customer preferences exactly. We conclude
that extracting filters from search query and applying them on
search API has positive impact towards relevance of search results.

9 CONCLUSION
We leverage large language models and search logs to generate
accurate supervised data for product categories. A student model
trained on this pseudo-labeled data outperforms baselines in Exact
Match. We also propose a novel multi-task architecture whichw
extracts preferred filters from customer utterances. With good train-
ing data, smaller pre-trained language models can outperform LLMs
in performance and latency. Future work includes self-training on
generated data and extending to other APIs.
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