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Abstract

Online shoppers often initiate their journey
with only a vague idea of what they need, forc-
ing them to iterate over search results until they
eventually discover a suitable product. We for-
mulate this scenario as product demand clarifi-
cation: starting from an ambiguous query, an
agent must iteratively ask clarifying questions,
progressively refine the user’s intent, and re-
trieve increasingly relevant items. To tackle
this challenge, we present ProductAgent, a
fully autonomous conversational information-
seeking agent that couples large language mod-
els with a set of domain-specific tools. Produc-
tAgent maintains a structured memory of the
dialogue, summarizes candidate products into
concise feature statistics, generates strategic
clarification questions, and performs retrieval
over hybrid (symbolic + dense) indices in a
closed decision loop. To measure real-world ef-
fectiveness, we further introduce PROCLARE,
a PROduct CLArifying REtrieval benchmark
that pairs ProductAgent with an LLM-driven
user simulator, thereby enabling large—scale
and reproducible evaluation without human an-
notation. On 2,000 automatically generated
sessions, retrieval metrics improve monotoni-
cally with the number of turns, validating that
ProductAgent captures and refines user intent
through dialogue.

1 Introduction

Intelligent agents are traditionally developed un-
der the convenient assumption that users articu-
late their needs unambiguously (Li et al., 2025a;
Ye et al., 2025¢; Chu et al., 2025). Reality is
very different: when people face an unfamiliar
domain, they often express only partial, under-
specified preferences and refine them through in-
teraction (Vats et al., 2024; Yi et al., 2024). E-
commerce is a prime example. Unlike in physical
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Figure 1: Simplified illustration of our ProductAgent.

stores—where a salesperson can probe, explain,
and recommend—online shoppers must repeatedly
reformulate queries, scroll through pages of results,
and compare heterogeneous product facets such
as brand, colour, or style (Yang et al., 2018). The
absence of interactive clarification, therefore, trans-
lates into lost time and, ultimately, lost revenue.

Recent progress in conversational information
seeking (CIS) suggests a remedy: agents that elicit
missing constraints via natural language questions
and update recommendations on the fly (Zhang
et al., 2018; Rahmani et al., 2023). Yet building
such agents for product search remains difficult. An
effective solution must (1) access large-scale cata-
logues, (2) understand nuanced user utterances, (3)
decide which product facets to clarify next, and (4)
retrieve items under tight latency constraints—all
while the user’s goals evolve.

We address these challenges through ProductA-
gent, a virtual shopping assistant whose architec-
ture is illustrated in Figure 1. ProductAgent oper-
ates an autonomous loop that intertwines three core
components. (1) Product databases store catalogue
entries in both structured and vector formats, en-
abling hybrid symbolic-dense retrieval. (2) A mem-
ory module tracks the dialogue context-clarification
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questions, answers, and free-form chat, so that de-
cisions remain sensitive to the entire interaction
history. (3) A set of fools exposes retrieval, summa-
rization, and question-generation primitives. Care-
fully engineered prompts orchestrate these tools
with large language models (LLMs), allowing the
agent to reason about which facet to clarify, pose
a succinct question, and fetch candidate items that
satisfy the newly specified constraints (Yan et al.,
2025).

To evaluate our ProductAgent, we propose the
PROduct CLArifying REtrieval (PROCLARE)
benchmark, inspired by recent progress in auto-
matic task-oriented evaluation (Zhou et al., 2023;
Semnani et al., 2023). A GPT-based user simula-
tor (Terragni et al., 2023; Sekuli¢ et al., 2024) is
conditioned on a hidden target item and replies to
the agent’s questions exactly as a consumer would.
This setup produces realistic and large-scale con-
versation logs without manual effort, enabling rig-
orous measurement of retrieval quality as the di-
alogue unfolds. Experiments on 2,000 simulated
sessions show that ProductAgent consistently nar-
rows the candidate set and boosts retrieval accuracy
with every additional turn.

In summary, our contributions are threefold:

(1) We propose ProductAgent, an end-to-end con-
versational agent that clarifies product demand
by questioning users and retrieving items.

(2) We introduce PROCLARE, a conversational
retrieval-focused benchmark to ensure a reli-
able and automatic evaluation pipeline for the
product demand clarification task.

(3) Extensive experiments demonstrate that clari-
fication questions materially improve retrieval
effectiveness.

2 Related Work

Task-oriented dialogue systems aim to fulfill con-
crete user goals, yet they often receive under-
specified or ambiguous requests because users may
lack the domain knowledge to express precise con-
straints (Xu et al., 2024; Li et al., 2024c¢; Tang et al.,
2025; Li et al., 2025b). While early work attempted
to address this mismatch implicitly, for instance
by returning diversified results, recent research
advocates for explicit clarification as a more re-
liable strategy. Classical information-retrieval stud-
ies generate follow-up questions to disambiguate
web queries (Zamani et al., 2020; Kuhn et al.,

2022). Extending this idea to personal assistants,
MAS2S (Feng et al., 2023) conditions question
generation on a user profile and a task graph, while
CAMBIGNQ (Lee et al., 2023) introduces a bench-
mark of naturally ambiguous questions alongside
a pipeline designed to solicit missing facets. The
advent of large language models has amplified in-
terest in clarification (Ye et al., 2025b,a). Prompt-
based or fine-tuned LLMs have demonstrated the
ability to ask high-utility follow-up questions in
search (Wu, 2024; Hu et al., 2024), reading com-
prehension (Erbacher and Soulier, 2023; Li et al.,
2024b; Zou et al., 2025; Li et al., 2023a), and
multi-hop reasoning (Zhang et al., 2024; Huang
et al., 2023b). In the commerce domain, Vedula
et al. (2024) leverage LLMs to propose product-
specific clarifiers, whereas the concurrent Sale-
sAgent (Chang and Chen, 2024) fine-tunes an LLM
to emulate salesperson tactics. Despite their ver-
satility, these approaches rely almost exclusively
on the model’s internal knowledge; consequently,
their questions may be inaccurate, outdated, or mis-
aligned with the live catalogue.

Our work departs from this paradigm by cou-
pling the reasoning capabilities of an LLM with ex-
ternal artifacts: a hybrid product index, a dialogue
memory, and specialized retrieval tools. Offloading
factual lookups to dedicated databases reduces the
inferential burden on the LLM and yields clarifica-
tion questions that are both precise and grounded in
the current inventory, ultimately leading to higher
downstream retrieval accuracy.

Due to the intricacies of real-world scenarios (Su
et al., 2025; Qin et al., 2025; Yu et al., 2024a),
several benchmarks recommend the inclusion of
user simulators to enhance the reliability and ef-
ficiency of evaluation for agents or task-oriented
dialogue systems. For instance, WebArena (Zhou
et al., 2023) generates unique user profiles to em-
ulate real-world scenarios where users often have
disparate experiences. WikiChat (Semnani et al.,
2023) leverages LLMs as simulated users to syn-
thesize dialogue flows for cost-effectiveness and
superior quality. The authors generate a simulated
10-turn dialogue on which they conduct a compre-
hensive evaluation of the developed chatbot.

3 Product Demand Clarification Task

The product demand clarification task models the
typical situation in which an online customer has
selected a coarse product category yet is still unable
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Figure 2: Overview of our proposed ProductAgent.

to articulate concrete purchasing requirements such
as brand, size, style, or price range. Bridging this
information gap is crucial: if the system can elicit
missing constraints quickly, both user satisfaction
and conversion rates increase. We therefore cast
the interaction as a mixed-initiative conversation in
which an intelligent agent iteratively asks clarifica-
tion questions, assimilates the user’s feedback, and
retrieves an updated set of candidate items.

The task is structured as a conversation, where
an agent actively engages with a user. Formally,
given a product category, the conversation between
them is defined as follows:

D:{U17A17P17U27A27P27'”}7 (1)

where at turn ¢ the user utterance U, expresses her
current preferences, the agent utterance A; con-
tains the follow-up questions, and F; is the set
of products returned after integrating all informa-
tion known so far. In our implementation, each
Ay comprises n = 3 multiple-choice clarification
questions {Qq1, Qi2, @3}, each accompanied by
answer candidates that serve both as disambigua-
tion aids and as concrete examples. Immediately
after posting its questions, the agent also presents
P, to provide instant feedback; the user may an-
swer by selecting one of the suggested options or
by typing a free-form response if none of them
suffice.

This seemingly simple interaction masks several
intertwined challenges for building shopping assis-
tants: (1) Generating non-trivial and informative

questions demands extensive product knowledge
and an ability to reason over long-tail attributes. (2)
The agent must interpret possibly noisy answers
and translate them into structured constraints that
guide retrieval under tight latency budgets. (3)
Progress in the field is hindered by the absence of
an automated and reproducible evaluation protocol
that quantifies how well an agent converges on the
user’s true intent. The following sections tackle the
first two challenges by introducing ProductAgent
(Section 4) and address the third by proposing a
large-scale simulation benchmark (Section 5).

4 ProductAgent

4.1 Overview of ProductAgent

This section outlines the proposed solution Produc-
tAgent for the given task. ProductAgent carries
out conversational loops broken down into three
primary steps, as illustrated in Figure 2. Before
starting the loops, the user initiates the conversa-
tion by entering a product category as a simple
query. We will provide an overview of ProductA-
gent in this section and detail our implementation
in Section 4.3.

4.2 Autonomous Dialogue Loop

Figure 2 depicts the closed control loop that en-
ables ProductAgent to refine a user’s purchasing
goal over successive turns. Each session starts
with a terse natural-language query that specifies
only a coarse product category (e.g., “Running
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shoes”). Thereafter, the agent repeatedly executes
three phases, continuously injecting the freshly ac-
quired knowledge back into the loop.

(i) Category Analysis. At the beginning of every
turn, ProductAgent assembles a structured repre-
sentation of all constraints expressed so far, draws a
hybrid symbolic-dense query, and retrieves a small
pool of catalog entries that plausibly satisfy the cur-
rent demand. The pool is not yet ranked for final
recommendation; instead, it is processed by the
CATEGORYANALYZING tool, which converts raw
product facets (brand, material, ...) into compact
statistics. These statistics act as a transient knowl-
edge base that grounds the subsequent reasoning
steps and prevents the LLM from hallucinating at-
tributes that do not appear in the catalog.

(ii) Item Search. Conditioned on the up-to-date
demand profile collected from dialogue, the agent
invokes the QUERYGENERATION tool to transform
the structured constraints into a concise natural-
language query. The query is forwarded to the
retriever, which ranks the full product catalog and
returns the k£ most relevant items. The resulting
set P, is immediately shown to the user, providing
transparency and instant feedback.

(iii) Clarification Question Generation. Finally,
the QUESTIONGENERATION tool leverages both
the statistics from step (i) and the evidence re-
trieved in step (ii) to craft n multiple-choice clar-
ification questions. Answer candidates are drawn
directly from the catalog, ensuring that every op-
tion can be satisfied by at least one real item. The
user either selects one of the provided choices or
writes a free-form answer, thereby enriching the
demand profile that seeds the next loop iteration.
Thanks to this mixed-initiative design, the conversa-
tion gradually moves from vague intent to precise,
executable constraints, and retrieval accuracy in-
creases monotonically with the number of turns
(See Section 6.2).

4.3 System Components

The above loop is realized through three tightly
coupled components.

Databases. Each catalog entry is stored twice:
(1) in an SQL database that supports exact-match
filters over structured facets, and (2) in a vector
database that indexes sentence-level embeddings
of the textual description. ProductAgent therefore

chooses the substrate that best fits the current sub-
task: SQL for high-precision constraint satisfaction
in step (i) and dense retrieval for semantic ranking
in step (ii).

Tools. Table 1 summarizes the five specialized
tools that extend the LLM’s capabilities. The
TEXT2SQL tool converts the remembered con-
straints into executable SQL, whereas CATEGORY-
ANALYZING distills the retrieved pool into statis-
tics that drive question generation. QUERY GENER-
ATION produces dense-retrieval queries, and QUES-
TIONGENERATION formulates clarification ques-
tions. Finally, RETRIEVER retrieves relevant prod-
uct items based on the latest demand profile.

Memory. All questions, answers, and issued re-
trieval queries are stored as structured objects in
a memory buffer. When constructing prompts for
any tool, ProductAgent injects only the fields that
are relevant to the tool’s function, thereby keep-
ing the context window short and inference latency
low. The memory is continually updated as the dia-
logue progresses, ensuring the intelligent agent can
effectively respond to dynamically changing user
requirements. This design is crucial as it enables
the agent to recall user preferences and provide
personalized assistance.

5 The PROCLARE Benchmark

Although recent IR benchmarks have significantly
advanced static search, their single-turn setting
prevents a rigorous assessment of conversational
agents, whose strength lies in iteratively narrowing
the search space through interaction. PROCLARE is
designed to fill this gap: it supplies a large, realistic
product corpus, a conversation—oriented evaluation
protocol, and an automatic metric suite that jointly
quantify an agent’s ability to clarify user intent and
retrieve the correct item over multiple turns.

5.1 Document Set

We first construct a million—scale product corpus
that serves as the knowledge base for all experi-
ments. Starting from AliMe KG (Li et al., 2020),
an e-commerce knowledge graph maintained by Al-
ibaba, we randomly sample 50,000 items for each
of 20 product categories, yielding 1,000,000 docu-
ments in total. Each item is pre-processed with a
Named Entity Recognition (NER) pipeline (Wang
et al., 2021) to normalize attribute names across
categories. The resulting tuples are stored both in

386



Tool Description Input Output
Text2SQL Generate SQL query Demands SQL Query
Category Analyze Summarize a certain category Product items Category statistics

Query Generation Generate NL query Demands NL query
Retriever Retrieve items relevant to demands NL query Product items

Question Generation Generate clarification questions

Demands + Category statistics ~ Clarification questions

Table 1: Available

Setting Documents Query Len. of Query

Trad.
Conv.

1,000,000
1,000,000

2,000 27.02
10,000 8.59/16.45/27.40/37.33/45.03

Table 2: Statistics of the PROCLARE benchmark. We
report the average length of queries generated by GPT-4.

a relational SQL database and in a vector store,
which enables efficient hybrid retrieval. Dataset
statistics and full feature lists are provided in Ta-
ble 2 and Appendix A.1.

5.2 Retrieval Strategies

To isolate the contribution of the conversational
layer from that of the underlying retrieval model,
we support three representative retrievers: the
term—based BM25 (Robertson et al., 2009), the
dense encoder GTE! and CoROM (Long et al.,
2022). All retrievers can optionally employ a
lightweight BGE reranker and a reciprocal-rank
fusion scheme to boost final rankings. Implementa-
tion details appear in Appendix A.2.

5.3 Conversational Evaluation Protocol

In PROCLARE, each dialogue starts with the user
simulator stating the desired product category, mim-
icking the uncertainty of real shoppers. The agent
then alternates with the user for five clarification
turns, asking questions, retrieving candidates, and
refining its belief state. We build the simulator
on gpt-3.5-turbo-0125 (Terragni et al., 2023;
Sekuli¢ et al., 2024) that is conditioned on the
ground-truth item yet constrained to answer solely
with information prompted by the agent, preventing
leakage of hidden attributes. This design produces
2,000 automatically generated dialogues, covering
the full product spectrum while eliminating the pro-
hibitive cost of human annotation. Prompts of Pro-
ductAgent and user simulator, as well as dialogue
snippets, are provided in Appendix B.

"https://www.alibabacloud.com/help/
en/model-studio/developer-reference/
model-introduction-6

tools of ProductAgent.

LLM Retriever Retrieve Rerank
HIT@10 MRR@10 MRR@10
BM25 35.04 27.26 25.69
GTE 8.49 4.95 7.18
CoROM 12.48 7.96 10.79
GPT3S piG 32.35 16.12 25.21
B+C 32.54 17.66 25.27
G+C 7.61 421 6.67
BM25 39.48 32.00 30.20
GTE 8.27 4.92 7.17
CoROM  13.86 9.11 12.54
GPT4 y .G 36.93 18.36 29.91
B+C 37.02 20.37 30.13
G+C 7.57 4.15 6.80
BM25 31.58 25.24 24.85
GTE 16.45 10.56 13.82
Qwen CoROM  20.71 13.80 17.77
Ve giG 30.65 16.78 24.61
B+C 30.79 17.98 24.79
G+C 14.26 7.74 12.36

Table 3: Retrieval performance of the conversational set-
ting. We report results of fusion retrievers represented
as X + Y, such as B + G (BM25 + GTE).

5.4 Automatic Metrics

Following standard IR practice, we measure re-
trieval quality with Mean Reciprocal Rank at ten
(MRR@10) and Hit Rate at ten (HIT@10). Be-
cause reranking affects only the order, not the mem-
bership, of the top-k set, we report MRR @10 for
reranked outputs and reuse the original HIT@10.
Crucially, we record these metrics after each turn,
enabling a fine-grained analysis of how clarification
questions translate into incremental search gains.

6 Experiments

6.1 Main Results

Three distinct variants of ProductAgent are instan-
tiated by plugging in different LLM backbones,
namely Qwen-max-0107, gpt-3.5-turbo-0125,
and gpt-4-turbo-0409. Each variant functions in
a fully autonomous manner, invoking the tool chain
described in Section 4.3. The quality of retrieval is
assessed after each dialogue turn and subsequently
averaged across 2,000 simulated sessions, each con-
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Figure 3: Retrieval performance of ProductAgent driven
by different LLMs with increasing turns using BM25.

taining five dialogue turns.

Table 3 shows that the classical BM25 retriever
consistently outperforms the two dense retrievers
under all LLM backbones. Because the query-
generation tool transforms user feedback into short
option-like phrases that often overlap with prod-
uct attributes, exact-match signals become unusu-
ally reliable and therefore favour BM25. When a
dense retriever is employed, reranking the top-k
candidates with an LLM-based ranker markedly
improves MRR@10. In contrast, BM25 already
produces a well-ordered list and gains little from an
additional reranking stage. Combining symbolic
and dense scores through retriever fusion does not
yield further gains, suggesting that the complemen-
tary information captured by the two families of
models is still limited in this domain.

6.2 Effect of Interaction Turns

Retrieval effectiveness grows monotonically with
the number of dialogue turns, as illustrated in Fig-
ure 3. The first turn cannot retrieve any ground-
truth items because only the coarse product cat-
egory is known. Once the agent starts asking
clarification questions, Recall@10 and MRR@10
rise steadily, confirming that the additional con-
straints extracted from the conversation are suc-
cessfully converted into more discriminative search
queries. Interestingly, the gpt-4-turbo backbone
lags slightly behind the others after the second turn
but surpasses them from the third turn onwards; a
qualitative inspection suggests that gpt-4-turbo
prefers broader questions early on, postponing fine-
grained constraints to later turns.

6.3 Ablation Study

Because the question-generation tool relies on dy-
namic product statistics, we examine four ablated

Retriever HIT@10 MRR@10

w/o Statistics 15.60 10.69
Random 39.50 19.54
BM25 47.00 38.51
CoROM 45.00 38.09
Text2SQL 39.90 32.40

Table 4: Ablation results of different strategies of ac-
quiring statistics.
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Figure 4: Similarity of synthesized clarification ques-
tions computed by BERTScore.

versions of ProductAgent: (1) no statistics, (2)
statistics from randomly sampled items, (3) statis-
tics obtained with BM25 instead of Text2SQL, and
(4) statistics obtained with CoROM. Results in Ta-
ble 4 indicate that accurate, demand-aware statis-
tics are crucial. Removing statistics or ignoring cur-
rent user constraints degrades MRR @ 10 by more
than three points, whereas collecting statistics via
BM25 or CoROM mitigates the loss and even sur-
passes the original Text2SQL variant.

6.4 Similarity of Synthesized Clarification
Questions

We observe that ProductAgent sometimes gener-
ates clarification questions that overlap with those
previously presented, which may negatively im-
pact the task effectiveness and overall user satisfac-
tion. Hence, we qualitatively measure the similarity
among clarification questions proposed in different
dialogue turns by using BERTScore (Zhang* et al.,
2020). BERTScore computes a similarity score for
each token in the candidate sentence by comparing
it to each token in the reference sentence. In the
experiment, we concatenate the question content
and its answer choices into a sentence that will be
input into BERTScore. By treating all other ques-
tions and choices as references, we compute the
similarity score for each synthesized clarification
question against others.

As Figure 4 illustrates, we discern an upward
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trend in the similarity of synthesized clarification
questions as dialogues progress. This suggests
that although retrieval performance continues to
enhance over ten dialogue turns, we may still be
able to enhance performance by boosting the di-
versity of clarification questions. Additionally, we
observe that the agent powered by GPT-3.5 is more
inclined to fabricate similar questions than those
powered by GPT-4 and Qwen-max, even though
the former achieves higher retrieval scores than the
agent powered by Qwen-max when both utilize
BM25 for item search.

7 Conclusion

This paper formulates the task of product demand
clarification and presents the solution called Pro-
ductAgent. The agent poses strategic clarification
questions to pinpoint user demands. To implement
the evaluation automatically and quantitatively, we
introduce the PROCLARE benchmark with the aid
of a user simulator acted by an LLM. Experiments
indicate that ProductAgent significantly enhances
the retrieval performance with increasing dialogue
turns, regardless of applied retrievers.

Limitations

Absence of human users. In this paper, we em-
ploy the user simulation technique to facilitate a
more consistent and standardized evaluation pro-
cess. Utilizing this approach allows for all the ex-
periments conducted within our research to be com-
pletely void of any human involvement, contribut-
ing to cost efficiency and saving time. We also ac-
knowledge that potentially unidentified biases may
arise from the hallucination effect of LLM-based
user simulators within our evaluation pipeline.

Limitations of datasets. Our dataset was derived
from the AliMe KG, encompassing multiple dimen-
sions of products. Nonetheless, it does not provide
comprehensive information that could be crucial
to customers’ purchase decisions, such as prod-
uct pricing and customer reviews. Future research
could delve into more diverse and higher-quality
datasets to overcome these deficiencies.

Controllability of clarification questions. We
encourage ProductAgent to ask clarification ques-
tions following in-context learning augmented with
summarized statistics, without explicit and strong
constraints. This strategy is not always optimal for
all situations. In future work, we will explore more

effective planning strategies that can handle the task
from a global perspective, providing a pathway for
potential enhancements to create more intelligent
conversational agents.

Lack of analysis of prompt sensitivity. The im-
pact of prompt design on the performance of LLMs,
often demonstrated as prompt sensitivity, is widely
recognized. In our research, however, we did not
conduct a systematic examination concerning the
sensitivity of prompts used to develop the agent and
user simulator. Detailed engineering of prompts
could serve as a valuable measure for enhancing the
performance of the ProductAgent in future studies.

Ethics Statement

We are aware that our proposed ProductAgent may
be potentially misused for improper purposes, such
as privacy data collection and excessive propa-
ganda. However, this vulnerability is not unique
to our approach but is a common threat to many
LLM-based applications. It also highlights the sig-
nificance of conducting appropriate regulations and
enhancing the safety of LLMs in the future.
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A Experimental Details

A.1 NER Pre-processing

To accomplish the retrieval process consistently
for different product categories, we initially ap-
plied named entity recognition (NER) (Yu et al.,
2024b; Li et al., 2024a; Tan et al., 2023) to the
documents obtained from AliMe KG. We correct
possible grammatical errors (Ye et al., 2023c,a;
Huang et al., 2023a; Ye et al., 2022, 2023b, 2025d)
in the original data before NER preprocessing. For
this paper, we chose to use an e-commerce-specific
NER model (Wang et al., 2021) trained with a Co-
operative Learning objective. This coaching strat-
egy encourages two input views to generate similar
contextual representations or output label distri-
butions. The NER processing transforms all data
from various categories into structured documents
with a consistent named entity schema consisting
of 54 hierarchical entity labels. We then compress
this label space into a new one composed of only
10 entity labels, which allows the agent to retrieve
documents more efficiently and accurately from
the SQL database. The details of the product item
description are provided in Table 5. We also show-
case several processed product items in Table 6.

A.2 Details about Retrievers

BM2S. As the representative of sparse retrievers,
BM25 (Robertson et al., 2009) consistently exhibits
impressive performance across diverse information
retrieval benchmarks (Long et al., 2022).

GTE. The General Text Embedding (GTE)
model is a general-purpose text embedding model
trained with the multi-stage contrastive learning
objective (Li et al., 2022, 2023b). It has shown
exceptional results in the Massive Text Embedding
Benchmark (Muennighoff et al., 2023).

CoROM. The CoROM model (Long et al., 2022)
uses BERT-base (Devlin et al., 2019) as its back-
bone. It is a dual Encoder-based embedding
model (Karpukhin et al., 2020) trained on anno-
tated query-passage e-commerce datasets.

Reranker. We also integrate the lightweight bge-
reranker-base model (Xiao et al., 2023)? to rerank
the top-k documents retrieved.

2https://huggingface.co/BAAI/
bge-reranker-base

Name Description Type
Category Category of the item. str
Brand Brand of the item. List[str]
Series Series of the item. List[str]
Target Customer Target customers of the item. List[str]
Applicable Scenario Applicable scenarios of the item.  List[str]

[

[

[
Decorative Attribute Decorative attributes of the item.  List[str]

[

[

[

Material Material of the item. List[str]
Style Styles of the item. List[str]
Specification Available specification of the item. List[str]
Color Available colors of the item. List[str]
Function Function of the item. List[str]

Table 5: Product item description.

Fusion. Furthermore, we also seek to investigate
whether the fusion of multiple heterogeneous re-
trievers can boost performance on our benchmark.
Consequently, we test hybrid fusion retrievers that
utilize the reciprocal rerank fusion algorithm (Cor-
mack et al., 2009) without requiring any additional
models or significant computation.

A.3 Product Aspects of Clarification
Questions

We observe that most clarification questions focus
on one specific product aspect indicated in Table 5,
such as category, brand, and series. Therefore, we
analyze the proportion of product facets to which
clarification questions are related. The results, il-
lustrated in Figure 5, show that all three LLMs
tend to generate clarification questions with even
distributions. To detail, three aspects, namely ap-
plicable scenarios, style, and function, respectively,
account for more than 10% across LLMs. On the
other hand, LLMs are less likely to clarify series
and specifications, which may be too specialized
for users. This reveals that LLMs naturally have a
preference for asking specific types of clarification
questions in this task since we do not incorporate
any explicit constraints on clarification question
generation.

B Prompts and Examples

B.1 Prompts for ProductAgent

We report all the prompts used in our proposed Pro-
ductAgent, including Text2SQL in Table 7, Query
Generation in Table 8, and Clarification Question
Generation in Table 9.

B.2 Prompt for User Simulator

We list the prompt for user simulation in Table 10.
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Category: T-shirt

Title: 2023 Domestic Purchase Authentic Counter SEIFINI Summer Style 3E4200571M Original
Brand: ["SEIFINI"], Series: [], Target Customer: ["Female", "Youth"], Applicable Scenario:
["Spring"], Decorative Attribute: ["Counter", "Authentic"], Material: ["Other Materials"], Style:
["Summer Style"], Specification: ["M/160", "L/160" "XL/170", ...], Color: ["White"], Function: []

Category: Plastic Blocks

Title: LEGO Easter Basket Rabbit Children’s Building Educational Toy Festival Limited Edition New
Brand: ["LEGQO"], Series: [], Target Customer: ["Age group: <14 years", "Children"], Applicable
Scenario: ["Easter"”, "Festival"], Decorative Attribute: ["Basket", "Rabbit", "Educational"], Material:
[1, Style: ["Building", "Plug-in"], Specification: ["40587"], Color: [], Function: []

Category: Sneakers

Title: Japan Ulovazn Kids Shoes Children’s Sneakers 2023 Spring New Simple Versatile Boys and Girls
Little White Shoes

Brand: ["Ulovazn"], Series: [], Target Customer: ["Male", "Kids", "Female", "Boys and Girls",
"Children"], Applicable Scenario: ["Shopping Mall", "Spring", "Spring and Autumn"], Decorative
Attribute: ["Sole"], Material: ["Rubber], Style: ["Sport", "Casual", "New", "Versatile", "Simple"],
Specification: ["X23S2123", "Size 35", "Size36", ...], Color: ["White", "Beige", "Black"], Function:

["Deodorant”, "Non-slip"]

Table 6: Example cases of processed product items.

B.3 Examples of Conversation

Here we provide a detailed conversation example
regarding “Canvas shoes" in Table 11. We can no-
tice that ProductAgent first generates some critical
clarification questions, such as the color, applica-
ble scenarios, and functions, which are helpful to
precisely identify the basic user demands. Subse-
quently, the agent probes for additional specifics
like style, decorative attributes, and material. On
the other hand, the user simulator, which is driven
by GPT-3.5, occasionally offers responses that go
beyond the provided options.
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Figure 5: Proportion of product aspects of clarification questions generated by three LLMs.

Text2SQL Prompt Template

You are an SQL generation assistant. Given several constraints, you should generate a syntactically
correct {dialect} SQL query statement to retrieve target records. To synthesize reasonable queries,
you must follow the following rules:

1. Directly generate only SQL query statements, without outputting any explanation or inference
information.

2. Directly use “*” to retrieve all columns.

3. Use the keyword “LIMIT” to limit the maximum number of retrieved records to {max_number}.
4. Carefully construct the where conditions for the query and use the keyword "LIKE’ as much as
possible.

Given the following table structure description, only retrieval of that table is allowed:
Table schema: {schema}

Example input:

Product category: Casual pants

Question: What material is the main material for the casual pants you would like to purchase?
Answer: Polyester fiber

Example output:
SQL Query: SELECT * From item WHERE category="Casual pants’ AND material LIKE ’%
polyester fiber%’ LIMIT {max_number};

Input:

Product category: {category}
Question: {question_1}
Answer: {answer_1}

SQL Query:

Table 7: The one-shot prompt template of the Text2SQL tool in ProductAgent.
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Query Generation Prompt Template

You are a query generation assistant. Given the user’s purchasing demands, you need to generate a
short natural language query statement (Query) to retrieve the target product. In order to generate
a reasonable query, you must follow the following rules:

1. The generated query should be concise, composed of keywords, and separated by spaces.

2. The generated query should cover all of the user’s purchasing requirements.

3. Do not output any explanations or inference information, and do not use unnecessary punctua-
tion such as quotation marks.

Product category: {category}

Question: {question_1}
Answer: {answer_1}

Query:

Table 8: The zero-shot prompt template of the Query Generation tool in ProductAgent.

Clarification Question Generation Prompt Template

You are a product shopping assistant that can accurately identify user demands, and you are
capable of generating three multiple-choice questions for demand clarification. To help you ask
valuable questions, here is a summary of statistics about {category}.

Statistics: {statistics}

1. The generated content must focus on the product category ({category}) and contribute to
accurately identifying user demands.

2. It is prohibited to generate new questions that are duplicates of previous ones.

3. When constructing options, try to directly select them from the statistical data.

You need to generate new multiple-choice questions for demand clarification based on the
historical Q&A. Here is the historical Q&A:

Question: {question_1}

Answer: {answer_1}

The generated result should strictly follow the JSON format, and no additional information should
be included.
JSON format description: JSON_description

" JSON

Table 9: The zero-shot prompt template of the Clarification Question Generation tool in ProductAgent. We require
LLM to synthesize clarification questions in structured JSON form.
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User Simulator Prompt Template

You are in a conversation with a shopping assistant, hoping that they can help you search for
suitable products. To provide reasonable answers, you must follow these rules:

1. You must answer the question accurately based on the target product.

2. Try to use the options provided for your answer, if your answer is not covered by the options,
simply answer "Other".

3. Directly output the answer, do not provide any explanation or reasoning information and avoid
unnecessary punctuation like quotation marks.

4. Each question’s answer should be on a separate line.

Here is the target product information: {item}
Here is the official question from the assistant: {questions}

Answer the above question directly, do not repeat the question, **each answer should be on a
separate line**.

Table 10: The zero-shot prompt template of the user simulator.
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Conversation example by GPT-4 driven ProductAgent and the user simulator

A: Hi, I'm here to assist you with product sales. Which category of the product are you looking for?
U: Canvas shoes.

A: Great! I've found several options for you: <Item;>, <Itemg>, - - -. To help me recommend the best
choices, could you answer a few questions?

Q1: When you need canvas shoes, which color do you mainly focus on?

C1: ["Light gray", "Sky blue", "Yellow", "Military Green", "Rose Red", "Other"]

Q2: Which applicable scenarios do you prefer when wearing canvas shoes?

C2: ["Travel", "Dance", "Fitness", "Construction Site", "Official Flagship", "Other"]

Q3: When choosing canvas shoes, what functions do you value?

C3: ["Anti-slip", "Increase by 10CM", "Waterproof bottom", "Anti puncture", "Antibacterial”, "Other"]

U: Answers for Q1: "Military Green". # Answering by selecting.
Answers for Q2: "Travel". # Answering by selecting.
Answers for Q3: "Other". # Answering by selecting.

A: I have search several relevant items for you: <Item;>, <Itemo>, - --. Also, you can answer these
questions so that I could recommend more suitable items for you!

Q1: When choosing canvas shoes, which style do you prefer?

C1: ["Leisure", "Internal elevation”, "Ties", "Flat Heel", "Low help", "Other"]

Q2: What upper decoration attributes do you usually pay attention to?

C2: ["Adhesive", "Breathable", "Inside", "Mesh surface", "Sole", "Other"]

Q3: When purchasing canvas shoes, which material do you prefer to make them from?

C3: ["Mesh", "Rubber", "Canvas", "Other"]

U: Answers for Q1: "Leisure". # Answering by selecting.
Answers for Q2: Coffee leopard print, leopard print, round head. # Answering by typing.
Answers for Q3: "Canvas". # Answering by selecting.

A: T have search several relevant items for you: <Item;>, <Itemy>, ---. Also, you can answer these
questions so that I could recommend more suitable items for you!

Ground truth product item

Category: Canvas shoes

Title: Feiyue Thick Sole Canvas Shoes Women 2023 Spring Leopard Print Bread Shoes Casual Versatile
Mantou Shoes

Brand: ["Feiyue"], Series: ["Spring 2023], Target Customer: ["Female", "18-40 years old", "Youth"],
Applicable Scenario: ["Spring"], Decorative Attribute: ["Thick-soled", "Cross straps", "Coffee leopard
print", "Shallow mouth", "Leopard print", "Pattern", "Roundhead"”, "Khaki leopard print"], Material:
["Rubber", "Canvas"], Style: ["Lace-up", "Low-cut", "Leopard print", "Casual", "Bread", "Versatile",
"Vulcanization process"], Specification: ["EUR34", "EUR35", "EUR36", "EUR37", "EUR38", ...], Color:
["Purple”, "Lake blue and orange", "Army green and white", "Pink", "Mixed colors"], Function: []

Table 11: A conversation example between ProductAgent (A) and the user (U). We also list the ground truth product
item that the user is searching for.
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