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Abstract. E-commerce customers frequently seek detailed product information
for purchase decisions, commonly contacting sellers directly with extended queries.
This manual response requirement imposes additional costs and disrupts buyer’s
shopping experience with response time fluctuations ranging from hours to days.
We seek to automate buyer inquiries to sellers in a leading e-commerce store using
a domain-specific federated Question Answering (QA) system. The main challenge
is adapting current QA systems, designed for single questions, to address detailed
customer queries. We address this with a low-latency, sequence-to-sequence ap-
proach, MESSAGE-TO-QUESTION (M2Q). It reformulates buyer messages into
succinct questions by identifying and extracting the most salient information from
a message. Evaluation against baselines shows that M2Q yields relative increases
of 757% in question understanding, and 1,746% in answering rate from the feder-
ated QA system. Live deployment shows that automatic answering saves sellers
from manually responding to millions of messages per year, and also accelerates
customer purchase decisions by eliminating the need for buyers to wait for a reply.

1 Introduction

The rapid growth of e-commerce, with hundreds of millions of global users, hinges on
customer satisfaction tied to easy, instant access to comprehensive product details. How-
ever, the available product descriptions, customer reviews, and QAs on e-commerce sites
may not provide enough information for users to make informed purchasing decisions.

E-commerce platforms use a Seller Messaging feature for facilitating communication
between buyers and sellers through an online messaging system about product details,
shipping, or post-purchase concerns. However, large platforms which handle over 100K
messages daily experience high wait times ranging from 1-2 hours to several days due
to the time and monetary costs of manual responses, thus delaying purchase decisions.

We address these gaps by leveraging a federated, multiple backend QA system
for instantly answering customer questions using knowledge sources such as reviews,
product catalogs, manuals, and community QA. However, style mismatch is a key
challenge: customers write lengthy email-style messages, while traditional QA sys-
tems operate on simple direct questions. We tackle this via an end-to-end approach,
MESSAGE-TO-QUESTION (M2Q), using sequence-to-sequence models to reformulate
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Buyer’s Message to Seller Ground Truth Reformulated Message

I’m trying to look into Forids trash bags, and
have found that the website and facebook on
the box dont exist :( I’m curious about their
sourcing and material is used !!

what is the sourcing material of this
product?

what is the sourcing material used for
this product?

Hello! I’m curious whether this Re:Zero REM
figure you’re selling is from the authentic Taito
Coreful brand? Thank you.

is this product from the taito coreful
brand?

is this product from the authentic taito
coreful brand?

My family surname is not a known surname.
Are you able to create a family crest with all
the emblems and mottos? Looking forward to
hear from you.

can this product be customized with all
the emblems and mottos?

can this product be created with all the
emblems and mottos?

Table 1: Examples of buyer messages reformulated by M2Q with the buyer’s main intent
in red.

lengthy buyer messages into short standalone questions. M2Q is optimized to distill
relevant details from buyer’s messages into answerable questions and use a state-of-the-
art QA model to generate precise answers. This allows the Seller Messaging feature to
provide instant QA by leveraging existing resources without incurring additional time or
cost overheads (see Table 1). During message reformulation, M2Q considers the buyer’s
primary needs, combines multiple needs if necessary into a concise request for the QA
system, and ensures customer privacy by omitting personal information.

2 Background

Buyer-Seller Interactions & QA: Prior research has highlighted the financial and com-
mercial importance of studying interactions between buyers and sellers on e-commerce
stores, as well as answering buyer inquiries in a fast and effective manner [18,13,1]. We
propose to improve buyers’ access to instantaneous answers, and reduce product sellers’
burden and expenses on e-commerce stores by integrating product question answering
(QA) systems [12,7] into the Seller Messaging feature. Prior work on automatically
answering customer queries within customer service applications, focuses on retrieving
answers from a knowledge base [14,6,15,23] as well as generating answers [3,20].

Text Reformulation: Buyer messages can be verbose with long descriptions or
irrelevant personal details (see Table 1). This distracts QA models and makes it difficult
for them to provide accurate answers [16,2,24]. M2Q ensures that buyer message refor-
mulations can adapt to and maximize the understanding and answering rate of existing
QA systems. Several Large Language Models (LLMs) have been fine-tuned to summa-
rize and extract salient information from dialogues and email threads [10,22]; identify
the appropriate context to be input to a model to answer questions effectively [19,17];
reformulate questions for easy answering [11,9,25]; as well as to select the most relevant
conversation history as context in case of conversational QA [27,8].

3 M2Q: MESSAGE-TO-QUESTION

M2Q reformulate buyer’s messages into succinct questions that are instantly answered
using a federated QA system. If the question cannot be answered, or buyers are dissat-
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isfied with the automatic response, they can forward their message to the seller for a
manual response. Figure 1 shows an overview of the approach. Messages sent to sellers
are reformulated into questions, which is then used to retrieve an instant answer from
the QA system. Next, we describe the components from the figure.

Generative
Reformulation

Extractive
Reformulation

Message Refomulation

(A)

(B)

My son is interested in buying the Baseball Hat
by Black Lantern Baseball Hats For Men and
Women with Your Choice of Flat Bill, Curved Bill,
Snapback or Fitted Options - Fish and Forest
Design. Can this be returned if it does not fit?

QA System

QA Backend 1 QA Backend 2

QA Backend 3 QA Backend N

Federated QA Retrieved Answers

Q: what is the return policy for this product?

Type: Generative Reformulation

QA Confidence: 0.92

Answer: We offer a 30 day money-back [...]

(C)

Hi! Is there any way if I ordered today I could get
this by Thursday, may 19. I’m so sorry for the last
minute, just wanted to see if it was possible.
Even Wednesday since we normally
get packages at night. Willing to pay
for expedited shipping. Thank you!! 

Stop

Send original
message to seller

for response

Customer
satisfied?

Yes

NoQ: Is expedited shipping available for this product?

Type: Generative Reformulation

QA Confidence: 0.87

Answer: Yes, expedited shipping is available for [...]

Q: Can this be returned if it does not fit?

Type: Extractive Reformulation

QA Confidence: 0.90

Answer: We offer a 30 day money-back [...]

Message 1

Message 2

Message 2

Message 1

Fig. 1: M2Q approach overview. For each buyer message that may contain multiple
questions/intents, M2Q reformulates them (using (B) and (C)) into a succinct question
with the most salient intent (or conjunction of intents). These are sent to a federated
QA system (C) for instant answering. If customers are unsatisfied with the response or
receive none, the original message is forwarded to the seller for manual reply.

Generative Reformulation (A): The main objective of this step is to convert buyers’
lengthy messages into a shorter, concise form that correctly captures their primary intent,
filtering out any irrelevant details or personal information. Table 1 shows examples of
such reformulations. For the generative reformulation, we fine-tune different sequence-
to-sequence models to perform the rewriting automatically, using a parallel dataset of
buyer messages and their human generated reformulations (c.f. §4).

Extractive Reformulation (B): A simpler reformulation method involves splitting the
buyer message into sentences, and running them through a question classifier provided
by the QA system. The sentence with the highest confidence is chosen to represent
the entire message. This method works well for simple messages containing a direct
question, but fails on more complex messages, and may not identify any questions at all.

Question Answering System (C): The reformulated messages from the previous steps
are input to a federated QA system, which passes them to numerous in-house answer
retrieval systems. This system returns answers and a QA confidence score. The QA
system is a black box in this work; we do not modify or tune it. We show in §5.3 that
shorter messages reformulated by M2Q maximize the performance of downstream QA
systems, leading to an increase in the automatic question answering rates.

4 Dataset Construction

We created a dataset of ∼6k pairs of buyer messages and their target reformulations,
divided into 5k/600/450 for train/dev/test sets. Most messages are between 25-75 words.
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Annotation Guidelines. We engaged in-house annotators to transform messages
into answerable questions based on certain guidelines, ensuring the quality of the parallel
dataset†. First, they checked for English language and then identified the number of
intents in each message. With multi-intent messages, they focused on the primary intent
considering the context, while the remaining were most likely follow-up questions. The
message was transformed into a precise question that pinpointed the buyer’s main intent
and information need. Table 1 shows example annotations.

Annotation Quality Control. A secondary quality check is performed on all annota-
tions by an expert annotator due to the subjective nature of summarizing buyer messages
and potential for misinterpretation. The absolute agreement rate between expert and
in-house annotators is 76%. Discrepancies are corrected by the expert annotator.

5 Offline Experiments and Results

5.1 Baselines and Our Approach

We compare several reformulation methods† against the same QA system.

Extractive Reformulation: The sentence with the highest question classifier confidence
score from the buyer message is selected. This works best with short messages that
contain a clear, single question.

Flan-T5-XXL: We assess FLAN-T5’s reformulations in zero- and few-shot (3 exem-
plars) settings.

Vicuna-13B: We assess the Vicuna LLM [4], which reportedly obtains 90% of GPT-4’s
performance, in the same zero-shot and few-shot settings as FLAN-T5.

Approach: We evaluate our M2Q approach with two underlying base models. M2Q-T5
uses the smaller 220M parameter T5-base model [21], while M2Q-FT5 uses FLAN-T5-
XXL [5] with 11B parameters. We consider two configurations:

– M2Q: The buyer’s original message is converted into a standalone question via
generative reformulation only, and sent to the QA system.

– M2Q-HYBRID: We combine generative and extractive reformulation methods. The
extractive approach responds when it obtains an answer, else generative reformula-
tion is employed. M2Q-HYBRID thus allows direct responses to shorter messages,
decreasing error probability from reformulations.

† Our human annotators are expert in-house annotators that provide their relevance judgements
based on a pre-determined annotation protocol, which was designed specifically for this task.

† Due to privacy regulations, we cannot use external API-based LLMs like ChatGPT.
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5.2 Evaluation Strategies

We measure reformulation quality in several ways:

– Text Generation Performance: We use BLEU and ROUGE to measure how closely
the revised messages align with their originals.

– Reformulation Accuracy: Human annotators evaluate reformulated messages based
on binary score relevance, verifying the buyer’s true intent.

– Understand Rate: Measures the QA system’s capability to understand buyer mes-
sages or the corresponding reformulations.

– Answer Rate: Measures the answerability of buyer messages by our QA system.
– Answer Relevance: We manually rate each message or its revision as either “helpful”

or “unhelpful” based on the answer’s correctness or if it’s unanswered.

5.3 Results

Generation Performance QA Performance

Reformulation
Accuracy

BLEU1 BLEU2 BLEU3 BLEU4 ROUGE1 ROUGE2 ROUGEL
Understand

Rate
Answer

Rate
Answer

Relevance

Extractive Baseline 41% 0.143 0.060 0.036 0.025 0.228 0.099 0.214 - - -

VICUNA-ZERO-SHOT - 0.139 0.058 0.037 0.027 0.330 0.121 0.292 +235% +827% +320%
VICUNA-FEW-SHOT 31% 0.335 0.206 0.145 0.098 0.504 0.280 0.484 +578% +1,182% +1,280%

FT5-ZERO-SHOT - 0.356 0.182 0.136 0.108 0.489 0.231 0.450 +616% +1,246% +1,240%
FT5-FEW-SHOT 58% 0.390 0.210 0.153 0.117 0.520 0.265 0.489 +651% +1,282% +1,300%

M2Q-T5 79% 0.547 0.369 0.295 0.243 0.606 0.384 0.586 +746% +1,478% +1,820%
M2Q-FLAN-T5 82% 0.546 0.394 0.319 0.273 0.599 0.406 0.586 +755% +1,727% +2,220%

M2Q-HYBRID-T5 - - - - - - - - +749% +1,500% +1,860%
M2Q-HYBRID-FLAN-T5 - - - - - - - - +757% +1,746% +2,220%

Table 2: We report reformulation performance (left side of the table) measured in terms
of reformulation accuracy, BLEU and ROUGE, and QA performance.

Generation Performance: Table 2 shows the BLEU and ROUGE metric results. Both
FT5 and VICUNA, achieve lower performance than M2Q for both zero-shot and few-
shot scenarios. For FT5 in the few shot setting the exemplars help to obtain better
generation performance with an improvement of 3.4 BLEU-1 points. While VICUNA
underperforms FT5, few-shot exemplars allow it to significantly improve performance,
with an increase of 19 BLEU-1 points. Both LLMs are significantly outperformed by
M2Q, with an increase of 9 ROUGE-L points.

The M2Q results highlight two factors: (1) generative models are better for this
task, as the extractive baseline achieves the lowest performance on all metrics. (2)
reformulating buyer messages is complex, and accurate performance requires fine-tuning.
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Reformulation Accuracy: Due to limitations of automated metrics [26], we manually
assess reformulation accuracy, computed for: VICUNA–FS, FT5–FS, M2Q-T5 and
M2Q-FT5. M2Q obtains the highest reformulation accuracy with 79% for M2Q-T5 and
82% for M2Q-FT5. Note that the size of the base model is important: M2Q-FT5 has 3%
higher accuracy than M2Q-T5. Without fine-tuning, FT5 only obtains a 58% accuracy,
a drop of ▼24% compared to M2Q-FT5. Similarly, VICUNA obtains a reformulation
accuracy of 31%, a ▼51% drop compared to M2Q-FT5.

Question Answering Performance: Table 2 shows the QA results in terms of the
understanding confidence scores and answer rates.† For reasons of confidentiality, the
QA results are reported as relative improvements over the extractive baseline. On question
understanding, M2Q-T5 and M2Q-FT5 obtain relative improvements over HB with
746% and 755%, respectively. Similarly, on answering rate, M2Q-FT5 obtains the
highest improvement with 1,727%, while for M2Q-T5 the improvement is 1,478%. This
result shows that the buyer’s messages in their original form are unsuitable for QA.

M2Q-HYBRID achieves the highest relative improvement across all metrics. This
validates our intuition that for shorter messages already in question form, reformulation
is not necessary, and in such cases an extractive method provides accurate answers.

Finally, in terms of answer relevance, we see a relative improvement of 2,220% over
the extractive baseline, and see no difference between M2Q-FT5 and M2Q-HYBRID-FT5.
This shows that not only do we increase answer rates, but also answer precision, as the
relative increases in relevance from M2Q are much higher compared to other baselines.

6 Online Deployment and Evaluation

We deployed the more cost-effective M2Q-HYBRID-T5 model, exhibiting a perfor-
mance equal to M2Q-HYBRID-FT5 according to offline results.

We assess user satisfaction and purchase metrics from millions of e-commerce
customers. We split users into two cohorts: a control group (C) whose messages are
manually answered by sellers, and a treatment group (T), whose questions are answered
by M2Q-HYBRID-T5. We also consider Tpos, a subset of T, who provide explicit
positive feedback on M2Q answers. We consider the following online evaluation metrics:

– Purchase Rate – PR: The ratio of unique users who ask a question about a product
and buy it within a week, to the total number of users asking a question.

– Successful Answer Rate – SAR: The proportion of messages that received an
instant answer where buyers were satisfied and did not send it to the seller.†

6.1 Results

Due to confidentiality, the results are reported as relative improvements over the control
cohort (C). Table 3 shows the results for the PR and SAR rate metrics.

† We assess the proportion of questions answered when the QA confidence surpasses a threshold.
† If unsatisfied with an instant answer, users can forward their question to the seller.
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Purchase Rate – PR: Both treatment groups have significant increases in PR. Tpos

obtains the highest purchase rate. This is intuitive given that the instant answers are
explicitly marked as helpful. This result demonstrates that providing instant answers
accelerates customer purchase decisions.

Successful Answer Rate – SAR: On T cohort, users submit significantly fewer
messages to sellers (50% relative increase of SAR). For Tpos, SAR increases by 276%.

Control T Tpos

PR 0.0 +28.57% +50.88%
SAR 0.0 +57.14% +276.73%

Table 3: Online evaluation results with real customers. The reported metrics represent
relative improvement over the control cohort (C).

7 Conclusion

We proposed M2Q, an approach for automatically answering messages that are sent
from buyers to sellers. Offline experiments validated our approach, and live deployment
demonstrated that it improves the shopping experience for both buyers and sellers.

Our method efficiently reformulates messages into concise, salient questions optimal
for understanding and response by a federated QA system, providing instant answers
to buyers. The instant answers feature significantly influences both buyers and sellers,
evidenced by a reduction of up to 276% in buyer-to-seller messages. This decrease
likely reflects users’ satisfaction with the instant responses from M2Q, contributing to
enhanced buyer experiences and decreased seller overhead. An empirical online study
involving real e-commerce users demonstrated a substantial relative increase in purchase
rates by 57.14% when compared to a control group not utilizing M2Q instant answers.
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