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Abstract
In e-commerce, customers often struggle to find relevant items
when their needs involve subjective properties characterized by
personal or collective perception, tastes, and opinions, which are
typically not captured in catalog data. This challenge is particularly
pronounced in event-based scenarios like gifting, where selecting
the right product involves complex subjective reasoning. Customer
reviews can be a valuable source of subjective information to bridge
this gap. Consequently, customers often spend significant amount
of time navigating multiple products and reading numerous reviews
to find suitable gifts that meet their needs. In order to reduce the
effort involved, we propose an agentic approach driven by large
language models to streamline this process by autonomously ex-
ecuting various user actions. These include computational tasks
like vagueness detection and subjective product needs extraction,
conversational interactions to gather missing user information, and
web browsing actions that search for product details, reviews, and
review images. Additionally, the agent employs generative actions
to synthesize gifting ideas and explanations, helping users discover
suitable products more efficiently. The proposed approach not only
reduces the cognitive burden on users but also facilitates the ex-
ploration of a wider range of products. Our solution highlights
the potential of autonomous agents to handle subjective queries in
e-commerce, enhancing personalization, product exploration, and
selection in a user-centric manner.

CCS Concepts
• Information systems → Web searching and information
discovery; Information retrieval.
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1 Introduction
In e-commerce, customers often encounter challenges when search-
ing for products with subjective needs. Search queries during such
times tend to be vague or consisting subjective information not
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found in product catalog, leading to suboptimal results from tradi-
tional search engines or platforms. This increases customer effort
and results in a less-than-ideal shopping experience. Current chat-
bots and search systems are not well-equipped to handle these
exploratory and subjective e-commerce tasks efficiently, as they
typically rely on catalog data.

To address this issue, we propose an agent framework that ad-
dresses subjective product needs (SPN) by exploring a wide range
of products, reviews, and generating gifting ideas. The proposed
agent is capable of executing live searches, interacting with users to
gather missing information, and autonomously performing actions
on behalf of the customer, reducing user effort and enhancing the
overall shopping experience.

Autonomous software agents for executing complex multi-step
IR tasks have been explored for decades [2]. However, these early
efforts had limited success due to their inadequate natural language
understanding and reasoning capabilities [11]. These shortcomings
are now overcome by the advent of LLMs, leading to multiple recent
studies exploring autonomous generative agents, which rely on
LLMs as the driving component [3, 4, 6].

2 Related Work
Static generative agents replicate human activity patterns by au-
tomating tasks through an LLM with a predefined workflow [14].
This strategy has proven suitable for certain tasks such as ques-
tion answering, perform multi-step web search, and generating
programs [3, 4, 6]. In contrast, dynamic agents employ techniques
like imitation learning [5] and reinforcement learning from hu-
man feedback (RLHF) [12] to predict the next action using special
tokens [7].

Generative agents equipped with web interaction capabilities
have demonstrated their suitability for carrying out tasks that in-
volve multiple web surfing steps, such as collaborative search [3],
question answering [1, 9], and shopping on e-commerce websites
[1, 13]. The closest approach to the proposed method is the Web-
Shop agent [13], which takes detailed instructions of customer
requirements and executes actions guided by product catalog data.
However, customers may not always have clear requirements or
specific products in mind, especially in exploratory scenarios such
as gifting. In cases where the intent is vague or subjective, interact-
ing with the user to obtain missing details is crucial [8]. Further-
more, relying solely on catalog data may be inadequate for meeting
subjective needs, and incorporating signals from reviews could be
valuable, as they offer a rich source of subjective information.

3 Framework of SPN Shopping Agent
We present the details of the agent framework and other opera-
tional aspects. In §3.1, we discuss the different facets of SPN consid-
ered in the proposed solution. Next, in §3.2, we present the typical
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user workflow and the corresponding agent workflow designed to
streamline and reduce user effort. In §3.3, we describe the various
actions executed by the agent to implement the proposed work-
flow. In §3.4, we explain the approach used to identify the most
suitable reviews that potentially address the user’s intent and sub-
jective needs. Finally, we outline the strategy for presenting product
suggestions in a way that minimizes the user’s cognitive load.

3.1 Subjective Product Needs
We capture five facets of SPN, and present their definitions below:
• Subjective property: User requirement mentions a subjective at-
tribute, property, or categorization as part of their need. Exam-
ples: sturdy table, colorful dress, large lunchbox.

• Event: User requirement indicates an event. Events can be either
general public events or personal milestones and life events.
Examples: Easter dress, pregnancy clothes, Christmas sweater.

• Activity: User requirement mentions an activity for which the
product should be adequate or good. Examples: gaming chair,
travel pillow, running shoes.

• Goal purpose: User requirement mentions an objective, goal, or
purpose that the product is intended to fulfill. Examples: weight-
loss gear, office organizer, sleep supplements.

• Goal audience: User requirement mentions an audience, or de-
scribes a type or group of people for whom the product is in-
tended. Examples: boy hiking shoes, gifts for boyfriend, toys for
children with autism.
We developed an LLM-based classifier to detect the presence of

SPNs and extract their corresponding values. The SPN classifier
was prompt-tuned to align with human annotator performance by
using 1K queries across five SPN categories, resulting in a total of
5K labels.

3.2 Workflows
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Figure 1: Flowcharts of (1) the typical user workflow and (2)
the proposed agent workflow.

In contrast to shopping for personal needs, it is more common
for users not to have a specific product in mind when shopping
for others. While some cases are more exploratory than others, the
gifting scenario is particularly suited to showcase the agent’s ability
to handle SPN. Therefore, for the purpose of this demo, we selected
the gifting scenario to highlight how the agent can streamline prod-
uct exploration and generate easy-to-process gifting ideas. Users
might have vague concepts such as ‘funny’ or ‘practical’ and may
seek the experiences of other customers who shopped for similar
requirements and scenarios. As a result, they navigate through sev-
eral product pages, read multiple reviews for each product, readjust
their queries as they process new information, and form new ideas.
They might repeat this process multiple times before arriving at a

product that meets their needs. The workflow representative of this
experience is shown in Figure 1 (1). A more desirable experience
would involve the agent performing most of the heavy lifting of
product exploration based on the user’s SPN, thereby generating
easy-to-process gifting ideas. The agent’s workflow is shown in
Figure 1 (2), where multiple time-consuming steps are replaced by
the agent. This experience is achieved by equipping the agent with
several actions, which are discussed in § 3.3.

3.3 Agent Actions
In order to effectively implement the proposed agent workflow,
the agent performs several actions that can be grouped into four
categories: computational actions, conversational actions, browsing
actions, and generative actions (see Figure 2).

3.3.1 Computational Actions. To trigger the appropriate actions
at the right time, we monitor the evolving task vagueness and
requirements throughout the user session, which is handled by
computational actions. The Extract SPN action calls the SPN classi-
fier to obtain the five SPN values discussed in §3.1. The Compute
Vagueness action triggers the computation of a vagueness score,
which combines the upper funnel score and the weighted SPN
score. The upper funnel score ranges between 0 and 1, where upper
funnel queries like electronics get score closer to 1 and specific
queries like iPhone 16 get score closer to 0, and is computed using
a BERT-based regression model. The vagueness score is computed
as follows:

𝑉 = 𝛼 ·
(
1 −

5∑︁
𝑖=1

𝑤𝑖 · SPN𝑖

)
+ 𝛽 · 𝑢𝑓 (1)

where:
• V is the vagueness score that ranges from 0 to 1,
• 𝛼 and 𝛽 are weights that sum up to 1,
• 𝑤𝑖 are individual weights for the SPN presence values SPN𝑖 ,
• 𝑢𝑓 is the upper funnel score.

Depending on the requirements of the use case, these weights
can be adjusted accordingly. For the gifting use case demonstrated
in this work, we use a higher 𝛼 value of 0.8 and a 𝛽 value of 0.2,
as the gifting scenario is highly subjective. For the individual SPN
weights, we assign 0.35 to both event and goal audience because they
are the most relevant to the gifting use case, with the remaining
weight distributed equally among the other SPN values.

3.3.2 Conversational Actions. When necessary, the agent needs to
interact with the user to procure the required information, which is
achieved using Inquire Missing Info action. As the goal is to reduce
user effort, we only request additional inputs from the user when
the vagueness score is higher than a threshold, which is 0.4 in
this particular setting. We limit the questions to straightforward
wh questions corresponding to the SPN values, as the answers to
these questions are expected to reduce vagueness. Once the product
suggestions are presented to the user, the agent facilitates further
interaction using follow-up questions about the products.

3.3.3 Browsing Actions. Exploring products, reading correspond-
ing reviews, and fetching customer images are accomplished through
browsing actions. The agent calls functions to crawl product pages
and extract the required information, such as product details and
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Figure 2: Architecture of the SPN Shopping Agent.

customer reviews, by processing the HTML code of the webpage,
similar to the WebShop agent [13]. The different actions that fall
under this category are presented in Figure. 2.

3.3.4 Generative Actions. The agent procures catalog and review
information for numerous products, and this information needs
to be presented to the user in a clear and concise manner that
reduces cognitive load. To achieve this, we use two generative
actions. The first action, Form Gifting Ideas, helps generate gifting
ideas at a higher level of abstraction, such as product types. The
second action, Generate Explanations, describes why a particular
product is suitable and how it addresses the user’s SPN.

3.4 Reviews Ranking
Presenting the most helpful review to the user is desirable, as cus-
tomers rely on the experiences of others for subjective information,
such as personal opinions about the product, which are typically
not captured in catalog data. However, finding the most relevant
review is non-trivial, as different users may find different reviews
more helpful depending on their requirements. It is common for
users to browse through multiple reviews to find the most help-
ful one. We address this challenge by ranking the reviews using a
score that accounts for the SPN extracted from the user and agent
conversation. Review scores are computed as follows:

𝑅 = 𝜎

(
𝛼 ·

( 5∑︁
𝑖=1

𝑤𝑖 · SPN𝑖

)
+ 𝛽 · sim(𝐷, 𝑅)

)
(2)

where,

• R is the review score that ranges from 0 to 1,
• 𝛼 and 𝛽 are weights that sum up to 1,
• 𝑤𝑖 are individual weights for the SPN presence values SPN𝑖 ,
• sim(𝐷, 𝑅) is the semantic similarity between the user de-
scription 𝐷 and the review 𝑅,

• 𝜎 (𝑥) is the sigmoid function defined as 𝜎 (𝑥) = 1
1+𝑒−𝑥 .

Similar to the vagueness score (Eq. 1), the weights can be ad-
justed according to the use case. For this demo, we use the same
weights as the vagueness score and S-BERT [10] to compute seman-
tic similarity.

3.5 Effort Saved
On average, assuming the agent processes around 400 reviews, it
would save around 2.67 hours of time for the user (note: users
typically do not read 400 reviews). Apart from time, the agent also
helps in reducing decision fatigue and promotes the exploration of
a wider range of products.

𝑇saved =
𝑁𝑟 ×𝑊𝑟

𝑅𝑠
(3)

where,
• 𝑇saved = Time saved by the agent in minutes
• 𝑁𝑟 = Number of reviews the agent reads (e.g., 400)
• 𝑊𝑟 = Average words per review (e.g., 100)
• 𝑅𝑠 = User’s reading speed in words per minute (e.g., 250)

4 Demonstration
In the demonstration of the SPN Shopping Agent, we showcase how
the agent simplifies the gifting process by automatically reducing
user effort and converting vague requests into specific, actionable
product recommendations. The user starts with a general idea about
buying gifts, providing minimal information. The agent identifies
the need for more specificity and engages in a brief conversation
to gather additional details, such as the occasion (Halloween) and
the intended audience (grand kids).

With this clearer context, the agent autonomously searches
through multiple product pages, reads reviews, and compiles a
curated list of Halloween-themed gift ideas suitable for the target
audience. For example, it suggests products like "Spooktacular Hal-
loween Treats for Grandkids", which is described as a pre-filled
Halloween candy bucket with healthy snacks and sweet treats, or
"Glow-in-the-dark Halloween tattoos for kids," which offers a fun
and safe way to enhance the trick-or-treating experience. Each
product is accompanied by relevant customer testimonials, which
are selected based on their alignment with the user’s subjective
needs, such as festive appeal and suitability for young children.

Beyond product recommendations, the agent supports the user’s
decision-making process by responding to follow-up requests. For
instance, when the user asks to see customer images for a specific
product, the agent retrieves these visuals, providing real-world
usage examples that enhance the product’s appeal. In this case,
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Figure 3: Agent gathers missing information before generating recommendations (left) and displays product recommendations
while retrieving customer images upon request (right).

images of the pre-filled Halloween candy bucket were displayed,
showing actual customer experiences, which further validated the
product’s relevance to the user’s needs.

Throughout the entire workflow, the agent automates several
key actions – gathering essential user information, exploring rele-
vant products, summarizing customer reviews, and offering curated
gifting suggestions. By reading through hundreds of reviews and
ranking them based on how well they align with the user’s needs,
the agent not only saves the user significant time but also reduces
decision fatigue by presenting a concise, easy-to-process list of prod-
ucts. This demonstration illustrates the agent’s ability to streamline
shopping for gifts, transforming vague inquiries into well-matched
product suggestions with minimal effort from the user.

5 Conclusion and Future Work
While our current solution focuses on static workflows, which ef-
fectively mimic repetitive human tasks through predefined steps
and conditions, we recognize the potential for further development.
Future work could explore the integration of dynamic workflows
that mimic more complex human decision-making, leveraging tech-
niques such as reinforcement learning and action prediction. This
would enable the agent to adapt more fluidly to evolving user needs
and contexts, offering even greater personalization and efficiency in
handling gift shopping queries. Identifying and implementing such
dynamic features represents a promising direction for enhancing
the flexibility and effectiveness of intelligent agents in this domain.

We present an agent that addresses SPN and demonstrate its ca-
pabilities in the context of gifting, a use case typically characterized
by extensive exploration and subjectivity. The proposed framework
showcases the ability of autonomous agents to handle subjective
queries in e-commerce, enhancing personalization, product discov-
ery, and decision-making with a user-centric approach. Finally, we
highlight the potential of such an agent in reducing user effort and
identify possible future directions.
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