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Abstract

Harvesting question-answer (QA) pairs from
customer service chatlog in the wild is an ef-
ficient way to enrich the knowledge base for
customer service chatbots in the cold start or
continuous integration scenarios. Prior work
attempts to obtain 1-to-1 QA pairs from a grow-
ing customer service chatlog, which fails to
integrate the incomplete utterances from the
dialog context for composite QA retrieval. In
this paper, we propose N-to-N QA extraction
task in which the derived questions and corre-
sponding answers might be separated across
different utterances. We introduce a suite of
generative/discriminative tagging based meth-
ods with end-to-end and two-stage variants that
perform well on 5 customer service datasets
and for the first time setup a benchmark for
N-to-N DialogQAE with utterance and session
level evaluation metrics. With a deep dive into
extracted QA pairs, we find that the relations
between and inside the QA pairs can be indi-
cators to analyze the dialogue structure, e.g.
information seeking, clarification, barge-in and
elaboration. We also show that the proposed
models can adapt to different domains and lan-
guages, and reduce the labor cost of knowl-
edge accumulation in the real-world product
dialogue platform. *.

1 Introduction

The development of natural language processing
and conversational intelligence has radically rede-
fined the customer service landscape. The customer
service chatbots empowered by knowledge bases or
frequently asked questions (FAQs) drastically en-
hance the efficiency of customer support (e.g. Cui
et al., 2017; Ram et al., 2018; Burtsev et al., 2018;
Liu et al., 2020; Paikens et al., 2020) In the cold

*Our code and data are available at https://github.
com/MrZhengXin/DialogQAE

“Equal contribution.
fCorresponding authors.

start or continuous integration scenarios, harvest-
ing QA pairs from existing or growing customer
service chatlog is an efficient way to enrich knowl-
edge bases. Besides the retrieved QA pairs can
be valuable resources to improve dialogue summa-
rization (Lin et al., 2021), gain insights into the
prevalent customer concerns and figure out new
customer intents or sales trends (Liang et al., 2022),
which are of vital importance to business growth.

Prior work on question-answer extraction fol-
lows the utterance matching paradigm, e.g., match-
ing the answers to the designated questions in a
dialogue session (Jia et al., 2020) in the offline
setting or figuring out the best response to the spe-
cific user query (Wu et al., 2017; Zhou et al., 2018;
Yuan et al., 2019) in the online setting. Within this
framework, 1-to-1 QA extraction has been explored
by Jia et al. (2020), however, we argue that users
might not cover all the details in a single query
while interacting with the customer service agents,
which means that a certain QA pair might involve
multiple utterances in the dialogue session.

In this paper, we extend 1-to-1 QA matching to
N-to-N QA extraction, where the challenges are
two-fold: 1) cluster-to-cluster QA matching with
no prior knowledge of the number of utterances in-
volved in each QA pair and the number of QA pairs
in each dialogue session, as the question might be
distributed in single or multiple user queries. 2)
session-level representation learning with a longer
context, as the paired questions and answers might
be separated within the dialogue, and the model
shall detect multiple same-topic questions and then
check if the answer is related to any one of the
questions. We propose session-level tagging-based
methods to deal with the two challenges. Our
method is not only compatible with the N-N QA
extraction task setting but also 1-1 and 1-N, which
is generic. Switching from matching to tagging,
we feed the entire dialogue session into powerful
pre-trained models, like BERT (Devlin et al., 2019)
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Figure 1: The task overview for DialogQAE. Given a session of two-party conversation with 32 utterances (top), we
aim at extracting six QA pairs (bottom) that characterize the dialogue structure and can serve as a valid resource
to enrich the knowledge base. The task can be categorized into four types: 1-to-1, 1-to-N, N-to-1, and N-to-N,
according to the number of utterances involved in the extracted question or answer unions.

or mT5 (Xue et al., 2021), and design a set of QA
tags that empowers N-to-N QA matching. Through
careful analysis, we find that DialogQAE can serve
as a powerful tool in the dialogue structure analysis,
as the relations between and within QA pairs are
implicit signals for dialogue actions like informa-
tion seeking, clarification, barge-in and elaboration.
From a pragmatic perspective, we show that the
proposed models can be easily adapted to different
domains and languages, and largely accelerate the
knowledge acquisition on FAQs of real-world users
in the product dialogue system. We summarize our
contributions below:

* We setup a benchmark for DialogQAE with
end-to-end and two-stage baselines that sup-
port N-to-N QA extraction, as well as the ut-
terance and session-level evaluation metrics.

* We show that DialogQAE is an effective

paradigm for dialogue analysis by summariz-
ing 5 between-QA-pairs and 3 in-QA-pair re-
lations that characterize the dialogue structure
in the conversation flow.

* Through careful analysis of domain and lan-
guage adaptation, as well as real-world ap-
plications, we show that the proposed Di-
alogQAE model effectively automates and ac-
celerates the cold-start or upgrade of a com-
mercial dialogue system.

2 Task Overview

A complete snippet of customer service conversa-
tion between human service representatives and
customers, which is canonically termed as a di-
alogue session S, consists of multiple, i.e. n,
dialogue utterances. Formally we have § =

{(u1,71), (u2,72), -+, (Un, )}, in which r; sig-
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nifies the speaker role of the i-th utterance u;". In
this paper we focus on two-party dialogue, more
concretely we have ; € {C, A} in which ‘C”, ‘A’
represents the roles of speakers: customers and
human agents respectively.

After feeding the dialogue session
into the DialogQAE model, we expect
the model to extract m QA pairs R =

{(UQ17UA1)7 (UQ27 UA2)7 T (Uva UAm>}'

Ug, = {(ugi,7q:1); (ugsgs), -+ 5 (Uges g,) }
(1

UAj = {(ualara1)7 (uamraz)? e 7(uat7rat)}
2

Ug;, U4, represent the unions of question and an-
swer dialogue utterances in S 2, respectively.

To better characterize the proposed n-to-n di-
alogue QA extraction, we introduce two notions
which are conceptually related to the mapping be-
tween dialogue utterances and extracted QA pairs.
1) Exclusive dialogue utterance: each utterance
in S can only be exclusively mapped to one single
question or answer union in R, i.e. the mapping
between S and R is a one-to-one (injection) func-
tion. 2) Speaker role consistency: a common as-
sumption for most two-party conversations is that
the customers raise questions while the agents an-
swer the questions. Formally for each extracted
QA pair, e.g. Ug; and Uy, in R, {ry, .} = {C},
{ra,.,} = {A}. In our setting, the rule of exclusive
dialogue utterance strictly holds for all the datasets
we used. However, although most datasets in this
paper exhibit speaker role consistency, we still ob-
serve the customer queries in the answer union or
the agent responses in the question unions, for ex-
ample in Fig 1 the 23-rd utterance from the agent
is included in the question union Q3.

As shown in Fig 1, depending on the sizes of
question and answer unions, e.g., Ug,, Uy, in the
certain QA pair, we categorize the DialogQAE task
into four types: 1-to-1, 1-to-N, N-to-1 and N-to-N,
in which the former and latter numbers indicate the
size of question and answer unions respectively.

3 Methodology

3.1 Tagging as Extraction

The prior mainstream research on dialogue QA
matching are based on the text segment alignment,
such as matching the specific answers with the

%In equation 1 and 2, the upper indexes, i.e. j, of ¢1.s and
a1:+ are omitted for simplicity.

given questions in QA extraction (Jia et al., 2020),
measuring the similarity of the user query and can-
didate answers in the response selection (Wu et al.,
2017; Henderson et al., 2019), or extracting re-
lations with entity matching in the dialogue (Ti-
gunova et al., 2021).

The key to successfully excavating n-to-n QA
pairs from customer service chatlog is to figure out
the cluster-to-cluster mapping among utterances in
a dialogue session.

3.2 End-to-end QA Extraction

We convert QA extraction into“fill-in-the-blank™ se-
quence labeling task, hoping that the model would
quickly learn to predict the label [; € {O, Q;, A;}
based on the corresponding utterance U;. After
label prediction, we collect the QA pairs R
{(UQJ" UAj)|UQj = {we|lle = Q;,1 < k
n},UA]. = {uk]lk = Aj,l <k< n},l <7
m} from the labels L = {[;|1 < i < n}.

As depicted in Figure 2, the input of the model
is “ri: (ug,r1) [MASK] [SEP] ...rp: ul™ [MASK]
[SEP] ”, where [MASK], [SEP] signifies mask to-
ken, separation token and both of which are in the
vocabulary of the masked language model. We for-
mulate the QA sequence labeling task as either a
generative, i.e. mT5-style (Xue et al., 2021), or
a discriminative, i.e. BERT-style (Devlin et al.,
2019)), classifier.

From the generative perspective, i.e., span-
corruption model mT5, the [MASK] token sym-
bolizes the <extra_id_i> for each utterance u;,
and we use the semicolon (;) as the replacement
for the separation token [SEP]. The output of the
QA extraction model is a list of Q/A labels L,
where for the encoder-only model each predic-
tion is exactly on the masked position, and for
encoder-decoder model mT5 the prediction is a
sequence “<extra_id_0> ;... <extra_id_n — 1>
l,”. For the discriminative tagging model (BERT-
style), we use [unusedX] to denote the label
set {O0,Q1,...,01,...} and for span-corruption
encoder-decoder model, we just use their text form
“0, Ql, ..., 01, ...” to represent the label.

INIA

3.3 Two-stage QA Extraction

Instead of predicting the label of utterance in a
single round, we could decouple the process into
two steps (Moryossef et al., 2019; Liu et al., 2019,
2021), which firstly figures out questions then ex-
tract corresponding answers. We illustrate the two-
stage workflow in Figure 6: in the first stage, the
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Output | Q ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Q
I O
Input Uj [MASK] [SEP] U,  [MASK]

Figure 2: The model workflow for the ‘fill-in-the-blank’ style one-stage dialog QA pair extraction in the end-to-end
fashion. Uj.4, Q1.2, A3 and O represent dialogue utterances, questions, answers and not-Q-or-A utterances.

model input is the same as the end-to-end QA ex-
traction (Sec 3.2), however the dialogue question
extractor only predicts lsqge1 € {O,Q1,...}, to
determine whether each utterance in the dialogue
session is a question or not. In the second stage, we
fill in the labels where the stage-1 model predicts
as questions. Then we feed the filled utterances
sequence to the dialog answer extractor, which pre-
dicts the remaining utterances within the label set
lstage2 € {O, A1, ...}, to decide whether they are
the answer A; to the question Q);.

Moreover, in the 1-to-N (including 1-to-1) sce-
nario, where a question covers only a single utter-
ance, we could further break down the question
labeling process in a context-less way. As shown in
Figure 7, at stage 1, we separately perform binary
classification {@, O} for each utterance with the
input format of “ [CLS] U;”, where [CLS] is the
classification token, and at stage 2, we relabel those
predicted as (@ in the sequential order ()1, @2, ...
to fill in the blank, and then apply the same dialog
answer extracting strategy.

4 Experiments

4.1 Datasets

We conduct the experiments on 5 Chinese customer
service multi-turn dialogue datasets, namely CSDS
(Linetal., 2021), MedQA (Jia et al., 2020), EduQA,
CarsaleQA and ExpressQA. CSDS and MedQA are
two public dialogue chatlog datasets while the lat-
ter three datasets are internal datasets which are
accumulated through genuine customer-agent in-
teractions in a commercial industrial dialogue plat-
form. CSDS is derived from JDDC (Chen et al.,
2020a) corpus and tailored for dialogue summa-
rization where n-to-n QAs are also provided as
the clues for the summaries. MedQA is accumu-
lated on a medical QA platform? that covers con-

3ht’cps ://www.120ask.com/

versations between doctors and patients. EduQA,
CarsaleQA and ExpressQA, as indicated by their
names, come from real-world conversations in the
education, carsales and express delivery domains.
As shown in Table 1, EduQA, CarsaleQA and Ex-
pressQA are composed exclusively of 1-1 QA pairs
while CSDS and MedQA involve 1-N, N-1 and
N-N mappings in the extracted QA pairs.

4.2 Evaluation Metrics

To evaluate the performance at the utterance level,
we apply the traditional precision (P), recall (R)
and F1 metrics, which ignore the non-QA label
HOII:

Zi Zj ]IPTedg-i) !:O,Predg-i) :Ref]@

" 2 <IN 221<j<n( ]Ipmdy)!:o ’
R 22 HRef;“!:0,Pred§."):Ref;“ (3)
21N 221<<n® HRefJ@!:O 7
* *
k1= QPZ RR’

where N is the number of instances, and Pred(?),
Ref() denote the prediction and reference label
sequences of the ¢-th instance.

Similarly, for QA-pair level evaluation, we pro-
pose adoption rate (AR), hit rate (HR) and session
F1 (S-F1):

> Zj |R_pred(i) N R_Tef(i)|

AR A )
Y i<icn [R_pred®]
S (@) (%)
Hp— >0 | Ropred® N R‘_ref \, (4)
Zlgigz\f |R_ref@)|
2x HR*x AR
SFl = "HR+ AR

where R_pred, R_ref(® denote the prediction
and reference QA-pair set of the i-th instance.
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Ratio of QA Pairs(%)

Dataset #Sess Avg Us Avg Qs Avg As Dist_QA -1 LN N-l NN
CSDS 9100  25.99 2.26 2.52 6.88 3443 2258 15.61 2741
MedQA 700 36.46 9.73 10.78 2.19 70.95 29.05 0 0
EduQA 3000  10.63 1.29 1.27 2.23 100 0 0 0
CarsaleQA 3172 10.71 0.21 0.14 1.36 100 0 0 0
ExpressQA 5000  14.13 0.57 0.41 2.57 100 0 0 0

Table 1: Dataset statistics. We list the number of sessions (#Sess), the average number of utterances (Avg_Us),
questions (Avg_Qs) and answers (Avg_As) in each session. We also figure out the average distances between the
starting and ending utterance within a QA pair (Dist_QAs), which signifies the (minimal) context required for
successful QA extraction, as well as the ratio of 1-1, 1-N, N-1, N-N QA pairs in each datasets.

From the perspective of FAQ database popula-
tion by extracting QA pairs from the customer ser-
vice chatlog, the predicted QA pairs would serve
as an automated module in the workflow, followed
by the human verification. The adoption rate (AR)
corresponds to the ratio of “accepted” QA pairs
by human judges within the predicted QAs, which
is analogous to the utterance-level precision. The
hit rate (HR), on the other hand, signifies the pro-
portion of predicted QAs in all annotated QAs
within the dialogue session which corresponds to
the utterance-level recall.

4.3 Experimental Settings

We experiment with a variety of pre-trained mod-
els via Hugging Face Transformers (Wolf et al.,
2020), which are encoder-decoder model mT5
(Xue et al., 2021) with three different parameter
scales, namely T5-base (580M), T5-large (1.2B),
T5-x1 (3.7B), and encoder-only model including
chinese-bert-wwm-ext (110M), chinese-roberta-
wwm-ext (110M), chinese-roberta-wwm-ext-large
(330M) (Cui et al., 2020), Deberta-Chinese-Large
(304M) 4, Erlangshen-MegatronBert (1.3B) 3, as
the backbones for the end-to-end and two-stage
models. For contextless question classification and
question-answer matching, we use chinese-roberta-
wwm-ext-large (330M) (Cui et al., 2020). We use
the Adam optimizer (Kingma and Ba, 2015) with
the learning rate of 3e-5 and train the models for at
most 9 epochs on 4 Nvidia A100 GPUs.

*https://huggingface.co/WENGSYX/
Deberta-Chinese-Large

*https://huggingface.co/IDEA-CCNL/
Erlangshen-MegatronBert-1.3B

5 Analysis and Discussions

5.1 Baseline Performance

Table 2 and 3 illustrate the utterance-level and
session-level performance of QA extraction on
the MedQA and CSDS datasets respectively. For
both end-to-end and two-stage models, enlarging
the model parameters leads to a considerable per-
formance gain, which indicates that the dialogue
session encoders with higher capacity are of vital
importance for extracting QA pairs. In terms of
the comparisons between the end-to-end and two-
stage models, we observe that the two-stage mod-
els outperform end-to-end models on the MedQA
dataset while it is the other way around on the
CSDS dataset, which shows that end-to-end meth-
ods are more favorable in the N-to-N QA extraction
that requires reasoning over longer dialogue con-
text, such as CSDS (6.88 in Dist_QA and 65.57%
non-1-to-1 QAs as shown in Fig 1), as presum-
ably complex Q-A mapping exaggerates the error
propagation of aligning the potential answers to the
given predicted questions in the two-stage models.
For the model performance on the N-to-N mapping
shown in Fig 3, as we expect, the models get higher
scores on 1-to-1 mapping than N-to-N mapping.
We also highlight the comparison between the
generative (mT5-style, ‘Gen’) and the discrimina-
tive (BERT-style, ‘“Tag’) models in Table 2 and 3.
We observe that with comparable pre-trained model
size, i.e. DeBERTa-large (304M) versus mT5-base
(580M) and MegatronBERT (1.3B) versus mT5-
large (1.5B), generative models perform better on
the CSDS dataset while discriminative models win
on the MedQA dataset, showing that TS models
might be a promising option on the dialogue anal-
ysis with long context (Meng et al., 2022). We
believe that model size is an important factor in
performance, since intuitively model with more
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Utterance Level(%)

Session Level(%)

Training Strategy =~ Base Model p R F1 AR HR S-Fl

End-to-End (Gen) mT5-base 79.00 86.19 8244  48.11 50.21  49.13
End-to-End (Gen) mT5-large 87.90 91.69 89.75 66.77 6899  67.86
End-to-End (Gen) mT5-x1 9239 93.09 9274 7563 7741 @ 76.51
End-to-End (Tag) BERT-base 79.85 81.58 80.70  48.85 48.10  48.47
End-to-End (Tag) RoBERTa-base  80.73 8345 82.07 52.05 52.05 52.05
End-to-End (Tag) RoBERTa-large  88.32  89.17 8875 65.10 6550  65.30
End-to-End (Tag) DeBERTa-large  88.52  89.91 89.21 66.55 67.51 67.02
End-to-End (Tag) MegatronBERT  89.82  90.73  90.27 71.16  70.79  70.97
Two-Stage (G+G) mT5-base 82.74  89.62 86.04 56.81 58.88  57.83
Two-Stage (G+G) mT5-large 88.86 93.05 9090 70.06 72.07 71.05
Two-Stage (G+G) mT5-x1 9286 9297 9291 77.62 78.70  78.15
Two-Stage (B+G) mT5-base 82.24  89.64 8578 57.83  58.21 58.02
Two-Stage (B+G) mT5-large 88.32 9213 90.19 70.63 71.10 70.86
Two-Stage (B+G) mT5-x1 9285 9196 9240 7721 7772 T77.46

Table 2: The benchmark for the QA extraction task on the MedQA dataset. The discriminatively (BERT-style) and
generatively (mT5-style) trained end-to-end models are abbreviated as “Tag’ and ‘Gen’. The 2 variants (B+G and
G+G) of two-stage models differ in the model formulation of the first stage, i.e. binary classifier (Fig 6) versus
mT5-style generative (Fig 7) model. We highlight the winner in each training strategy and the best scores with

boldface and underlined marks.

.. Utterance Level(%) Session Level(%)
Training Strategy = Base Model p R F1 AR HR S-Fl
End-to-End (Gen) mT5-base 82.54 54.67 65.77 20.74 23.64 22.10
End-to-End (Gen) mT5-large 84.38 5755 6843 22.04  26.86 24.22
End-to-End (Gen) mT5-x1 84.61 57.15 68.22 22.98 26.53 24.63
End-to-End (Tag) BERT-base 84.98  47.30 60.77 18.77 20.00 19.37
End-to-End (Tag) RoBERTa-base 86.86 44.72 59.04 18.18 18.81 18.49
End-to-End (Tag) RoBERTa-large  86.63 4491 59.15 18.30 19.49 18.88
End-to-End (Tag) DeBERTa-Large 83.95 45.91 59.36 19.61 19.41 19.51
End-to-End (Tag) MegatronBERT  84.00 51.49 63.84 19.76 20.76 20.25
Two-Stage (G+QG) mT5-base 77.39 52.89 62.84 19.15 18.73 18.94
Two-Stage (G+G) mT5-large 80.45 56.17 66.15 20.32 22.71 21.45
Two-Stage (G+QG) mT5-x1 83.77 54.02 65.68 22.46  24.32 23.35

Table 3: The benchmark for the QA extraction task on the CSDS dataset. Note that two-stage (B+G) models (Table
2) are incompatible with CSDS as the binary classifier is tailored for 1-to-1 and 1-to-N extraction (Sec 3.3).

parameters would fit the data better, and yet dis-
criminative models with Masked Language Model
pre-training task may not enjoy the same scaling
law (Hoffmann et al., 2022) as the generative mod-
els do.

5.2 Dialogue Structure Analysis

Prior research tried to extract and analyze the struc-
ture of a given dialogue session through latent di-
alogue states (Qiu et al., 2020), discourse pars-
ing (Galitsky and Ilvovsky, 2018) or event ex-
traction (Eisenberg and Sheriff, 2020). However,

those methods are specific to the predefined se-
mantic/information schema or ontology, i.e., dis-
course, dependency, AMR parsing trees (Xu et al.,
2021, 2022), dialogue actions or event/entity labels
(Liang et al., 2022). Through the analysis of the
extracted QA pairs of a dialogue session, we sum-
marize a more general schema to categorize the
dialogue structure according to the customer-agent
interaction in the dialogue flow.

Fig 4 demonstrates the typical ‘between-QA-
pairs’ relations based on the extracted QA map-
pings. The most common case is Sequential
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QA Flow, where Position(A1) < Position(Q2) and
Role(Q1) = Role(Q2); in this case, one complete
QA pair is after another. For Follow-up Informa-
tion Seeking, here Position(A1) < Position(Q2) but
Role(Q1) # Role(Q2), indicating the answer leads
to a new question. For elaboration/Detailing, Posi-
tion(Q2) < Position(A1) and Role(Q1) = Role(Q2),
which means one person asked two questions in a
row, and in turn, the other answered consecutively.
In the example, the doctor sequentially answers
the consecutive questions raised by the patients,
with the second answer elaborating on the first
one. For Clarification/Confirmation, Position(Q2)
< Position(A1) and Role(Q1) # Role(Q2) and Po-
sition(A2) < Position(A1), which implies the first
question can not get the answer yet, and more in-
formation is needed from the questioner; once pro-
vided, the first question can finally be answered
correctly. In the example, the doctor asked a clari-
fication question on when the symptoms occurred
after the inquiry of the patient instead of answer-
ing the inquiry instantly. For Barge-in/Interruption,
which is not common, is the case of Position(Q?2)
< Position(A1) and Role(Q1) = Role(Q2) and Po-
sition(A2) < Position(A1), where the second ques-
tion is answered first. As shown in Fig 3, the QA
extraction models perform better on SF, FIS, and
BI than CC and ED, presumably the interleaving
QA pairs pose a bigger challenge to the dialogue
information extraction.

We delve into the relative position of the ques-
tion and answer utterances within an N-to-N QA
pair in Fig 5. Most questions and answers are
disjoint within a QA pair while the overlapping
questions and answers account for 26.91% in the
CSDS dataset. We take a further step to split the
overlapping QAs into two circumstances: in-pair
Q-A and in-pair Q-A-Q, depending on the role (Q
or A) of the last utterance in the QA pair. As il-
lustrated in Fig 3, all three QAE models perform
better on the disjoint QA pairs than overlapping
ones.

5.3 Domain and Language Adaptation

We illustrate the domain and language adaptation
of our dialogQAE models in Table 4 and 5 respec-
tively, which highlight the real-world utility of our
models.

In Table 4, we observe that mixing the datasets
from different domains is a simple but effective
way to boost the overall performance. The potential

Dataset Carsale Express Edu Avg.

Carsales 70.89 40.78 60.73 5747
Express 54.39 86.33 5291 64.54
Edu 74.05 47.52 86.31 69.29
All 80.43 83.41 85.96 83.27

Table 4: The domain adaptation of dialogQAE models
on EduQA, CarsaleQA and ExpressQA. We report the
utterance F1 scores (%) of the End-to-end (Gen, mT5-
x1) models.

Domain P AR

MultiDOGOQO_airline 91.30 86.40
MultiDOGO_fastfood  91.04 85.05
MultiDOGO_finance 83.71 81.50
MultiDOGO_insurance 93.17 90.00
MultiDOGO_media 86.75 83.02
MultiDOGO_software  87.00 84.91

Table 5: The illustration for the language transfer of the
End-to-end (Gen, mT5-x1) model trained on MedQA.
We abbreviate the precision and adoption rate scores
in the utterance and session level as ‘P’ and ‘AR’. The
scores correspond to the accuracy of the predicted QA
pairs, according to the human judges.

correlation between different domains is the key
factor of the model performance on the domain
transfer, e.g. the bidirectional transfer between
the carsale and the education domains gets higher
scores than other domain pairs.

Thanks to the multilingual nature of mTS5, the
models trained on the Chinese datasets can be
easily applied to datasets in other languages, e.g.
English. We test the Chinese DialogQAE model
on different domains of the MultiDOGO dataset
(Peskov et al., 2019). As the MultiDOGO dataset
does not have Q-A-pair annotations, we ask the
human annotator to decide whether the recognized
QA pairs by the MedQA-DialogQAE model are
eligible according to the semantics in the dialogue
flow. We use majority votes among 3 human judges
and the inter-annotator agreement (the Krippen-
dorf’s alpha) is 0.89.

6 Related Work

6.1 QA Extraction

For text-based QA extraction, Rajpurkar et al.
(2016) proposed the dataset SQuAD 1.1, in which
the 100k+ questions were created by crowdwork-
ers on 536 Wikipedia articles. Subsequently, Du
and Cardie (2018) created 1M+ paragraph-level
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Figure 3: Barplot of recall group by the dialog structure type, on the MedQA and CSDS datasets respectively.
Here, we use End-to-End(Gen), mT5-x1 model. SF, FIS, BI, CC, ED refer to Sequential QA Flow, Follow-up
Information Seeking, Barge-in/Interruption, Clarification/Confirmation, Elaboration/detailing, QA, QAQA, QAQ
refer to Disjoint In-pair Q-A, Overlap In-pair Q-A, Overlap In-pair Q-A-Q, and 1-1, 1-N, N-1, N-N refer to 1-to-1,

1-to-N, N-to-1, N-to-N QA matching.

question-answer pairs over 10,000 Wikipedia arti-
cles. For question generation, Yang et al. (2017)
use a trained model to generate questions on unla-
beled data. Later, Wang et al. (2019) proposed to
identify key phrases first and then generate ques-
tions accordingly. For machine reading comprehen-
sion (MRC), research on dialogues MRC aims to
teach machines to read dialogue contexts and make
response Zeng et al. (2020) aims to answer the ques-
tion based on a passage as context. Shinoda et al.
(2021) leveraged variational question-answer pair
generation for better robustness on MRC. However,
extraction methods that can work on 1-1, 1-N, and
N-N scenario is under-explored.

6.2 Dialogue Analysis

For dialogue information extraction (IE), in order
to save the efforts of the assessor in the medical
insurance industry, Peng et al. (2021) proposed a di-
alogue IE system to extract keywords and generate
insurance reports. To figure out the semantics in the
dialogue flow, Galitsky and Ilvovsky (2018) pro-
posed a dialogue structure-building method from
the discourse tree of questions. Qiu et al. (2020)
incorporated structured attention into a Variational
Recurrent Neural Network for dialogue structure
induction in an unsupervised way. Eisenberg and
Sheriff (2020) introduced a new problem, extract-
ing events from dialogue, annotated the dataset
Personal Events in Dialogue Corpus, and trained a
support vector machine model.

Relation Extraction over Dialogue is a newly de-
fined task by DialogRE (Yu et al., 2020), which fo-

cuses on extracting relations between speakers and
arguments in a dialogue. DialogRE is an English
dialogue relation extraction dataset, consisting of
1788 dialogues and 36 relations. MPDD (Chen
et al., 2020b) is a Multi-Party Dialogue Dataset
built on five Chinese TV series, with both emo-
tion and relation labels on each utterance. Long
et al. (2021) proposed a consistent learning and
inference method for dialogue relation extraction,
which aims to minimize possible contradictions.
Fei et al. (2022) introduced a dialogue-level mixed
dependency graph. Shi and Huang (2019) proposed
a deep sequential model for discourse parsing on
multi-party dialogues. The model predicts depen-
dency relations and constructs a discourse structure
jointly and alternately.

7 Conclusion

In this paper, we propose N-to-N question and
answer (QA) pair extraction from customer ser-
vice dialogue history, where each question or an-
swer may involve more than one dialogue utterance.
We introduce a suite of end-to-end and two-stage
tagging-based methods that perform well on 5 cus-
tomer service datasets, as well as utterance and
session level evaluation metrics for DialogQAE.
With further analysis, we find that the extracted
QA pairs characterize the dialogue structure, e.g.
information seeking, clarification, barge-in, and
elaboration. Extensive experiments show that the
proposed models can adapt to different domains
and languages and largely accelerate knowledge
accumulation in the real-world dialogue platform.
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Limitations

This work focuses on the N-to-N question and an-
swer extraction from a dialogue session and does
not touch the relevant tasks such as question gener-
ation (e.g. Du et al., 2017; Duan et al., 2017) and
dialogue summarization (Lin et al., 2021). The pro-
posed task can be seen as a preparation for the sub-
sequent tasks by decomposing the entire procedure
of question generation and dialogue summariza-
tion into two steps: extraction before generation.
The extracted QA pairs can also be further pro-
cessed in order to visualize some important factors
for customer service, like common customer con-
cerns about the products, winning sales scripts to
persuade the customers and emerging or trending
user intents (Liang et al., 2022), by a set of atomic
natural language processing modules like keyword
extraction, sentiment analysis and semantic parsing
and clustering.

Ethics Statement

The internal datasets we used in this paper, i.e.
EduQA, CarsalesQA and ExpressQA, have gone
through a strict data desensitization process, with
the guarantee that no user privacy or any other
sensitive data is being exposed by a hybrid of
automatic and human verification. Human veri-
fication also eliminates the dialogue sessions with
gender/ethnic biases or profanities. The other two
datasets, CSDS and MedQA, are publicly available
and we use them with any modification. The model
for extracting questions and answers in the dia-
logue paves the for N-to-N dialogue QA extraction,
without any risk of violating the EMNLP ethics
policy.
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A Appendix

A.1 Model Performance on the Internal
Datasets

We show the model performance on the internal
datasets, i.e. EduQA, CarsalesQA and ExpressQA
in Table 6. In terms of comparison between end-
to-end and two-stage models, end-to-end models
are clear winner with respect to session level F1 on
the Carsales and EndQA datasets, while two-stage
models take the lead on the ExpressQA dataset. Ac-
cording to the dataset statistics in Table 1, we guess
this is because ExpressQA has longer dialogue ses-
sion (14.13 for the average number of utterances)
and require longer context (2.57 versus 2.23/1.36
in Dist_QA) for extracting QA pairs.

The DialogQAE models have been deployed in
a commercial platform for conversational intelli-
gence. The module serves as an automatic dialogue
information extractor, followed by human verifica-
tion and modification on the extracted QA pairs so
that they can serve as standard and formal FAQs in
the customer service. According to the user feed-
backs from the online customer service department
of an international express company, the assistance
of dialogue QA extraction has largely accelerated
the information enrichment for customer service
FAQs, reducing from around 8 days per update to
2 days per update.

A.2 Between-QA-Pairs Relations Examples

We show more examples on the dialogue structure
from the MedQA datasets below.
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Follow-up Information Seeking (14.29%)

Barge-in/Interruption (1.80%)

Sequential QA Flow (58.95%)

| BT A AT IR ?

\ Is there anything wrong with your neck?
i

A EMT

| Cervical stiff neck.

FERAE 2 S 2A?
What department should | go for in
the hospital?

AN

! Take a cervical spine X-ray first.

7777777777 1 dF, 1R & QAT 25 2

' !
' i
}'j U|D=U1&} Hello, did you have your liver function

lemmmmem o 1 checked during your physical examination?

F UID=u, 2.’ AT A GATCIF A H S ?

1 Have you ever had the hepatitis B
vaccine?

: VEALAFST TR AT
)’} U|D=u3&: Got my second shot last week.

P UID=y, Q.| M et E &

ILERAPR, TR, HH0A?
| Now it's chest tightness and retching,
does it matter?

MAT A B4R B LR ?

since when did it occur?

¥ bRl R

| When i woke up in the morning.

THE b F AR X

May be related to urticaria.

T kg4 ?
| Can it be cured?

I ADRE e R AMY 2897

What is the therapeutic effect of
AD capsules?

ST VA B A

It can be cured

TG T A Ao AN G
It includes prevention of night blindness
and calcium supplementation.

i VR R A A R R B
}-: U|D=U1&} Do you have any quesnons’\;j

EATEIRT?
| How bad is your stomach?

| R, R AT SR K
! Not painful, just a lttle bloated

Icon: SpeakerA/SpeakerB, can be
either customer or human agent.

& &

T AT ' Dotted Box: The question/answer
: unions, might comprise >1 utterances.

|
|
|
|
|
|
- |
. "~ 1 UID= u/u,: We use the 1st utterance :
:; UID:Uk&i in the union to represent its position :
|
|
|
|
|
|
|

in the conversational flow.

QA Tag: Each utterance (union) can
be tagged as either Q or A, no
1 matter what the speaker’s role is.

Figure 4: The demonstration for the between-QA-pairs relations and their proportion in the MedQA dataset. Given
a snippet of consecutive dialogue utterances (for UIDs, u; < ug < us < u4), we roughly categorize the dialogue
flows into 5 different types according to the between-QA interactions between customers and human agents.

Disjoint In-pair Q-A (83.09%)

Overlap In-pair Q-A (14.70%)

Overlap In-pair Q-A-Q (2.21%)

9] A3k As A2 B AR IR?
Where is the location of the local
warehouse?

AR, ARTAD?
I'm in a hurry, can | pick it up by myself?

[l up-u, &
La up-u,

HAF, AT B AR,

Hello, you can't go to the warehouse.

KA VAR 2 8 A ARG

You can pick it up at the delivery site.

o | AT AHK?
E UID=u, g | Isitraw or cooked?
UID=U, g
Ll uo=u, &
UID=u, g

EX5N

It's raw.

##E5?

Is it fresh?

Y,

Itis fresh.

&2 dif?
How to apply?

lal uo=u, &
UID=U, g

[affvesd
L

FHITE RRZ G B IE P ik
will apply for you after your order is
completed.

WIERA G, BRKBLED?
After the application is successful, will
the money be returned to me?

Figure 5: The demonstration of the in-QA-pair relations and their proportion in the CSDS dataset. According to the
relative positions of Q and A utterances in an n-to-n QA pair, we categorize the interleaving utterances into 3 types.

.. Utterance Level(%) Session Level(%)

Dataset Training Strategy p R Fl AR HR S-Fl

CarsalesQA End-to-End (Gen) 83.67 61.50  70.89 42.11 44 .44 43.24
EduQA End-to-End (Gen) 88.96 83.81 86.31 55,50  65.98 60.29
ExpressQA  End-to-End (Gen) 96.26  78.26 86.33 63.46 71.74 67.35
CarsalesQA Two-Stage (G+QG) 8596  73.13 79.03  43.31 53.54  47.89
EduQA Two-Stage (G+G) 98.44  69.23 81.29 59.62 67.39  63.27
ExpressQA  Two-Stage (G+G) 92.99  76.54 83.97 59.66 67.31 63.25

Table 6: The performances of the end-to-end and two-stage models (mT5-large) for the QA extraction task on the

internal datasets.
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Role Utterance

Patient 48 =R K= A BN NP BE— 5t ir 1,8 4 a2
I felt dizzy for three days in a row. My whole body fluttered, but just fine after a night of
sleep. What’s going on?
Doctor  fii it @& V& AR
Stiff necks may cause this problem.
Doctor it ta&rg?
Has there been an inspection?
Patient {XHWE
No.

Doctor 1A H'EREIRIR?

Are there any other symptoms?
Patient NP SE

I can’t sleep well.
Patient  FHFE#A] LAIY?

Can I wipe myself with alcohol?
Doctor  FHIEIKHE

Wipe with warm water.

Doctor FEME?
Isititchy?

Patient NEE
Not itchy

Patient (B4 JRM?

How to treat it?

Doctor {EBXB(EWHZ -~ KF. ZWK. DIZZE 28 FHREERY) 53R -
ARG o TRITHNR IR TR FLE (F R IR — 10, Bl A M AR EE (B L RERTER — 1K)« N
R} 2 B e
Pay attention to your diet (Eat more vegetables and fruits. Drink more water. Eat less fatty,
sweet and spicy food), and don’t stay up late. Wear less makeup. Treatment: external
application of fusidic acid cream (once during the day) and adapalene gel (once before
bedtime at night). Orally take tanshinone capsules.

Table 7: Follow-up Information Seeking examples in MedQA

S;iii t2 U [SEP] U, [SEP] Us  [MASK] [SEP] Us  [MASK] [SEP]
Dialog Question Extractor
Sweel Ul [MASK] [SEP] U [MASK] [SEP) U [MASK] [SEP]  Us [MASK] [SEP]

Figure 6: The model workflow for the two-stage QA extraction. The first stage is to extract questions while
the second stage corresponds to answer extraction given the predicted questions. Hereby we only illustrate the
“fill-in-the-blank’ style question extractor, where the binary question classifier is shown in Fig 7.
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Role Utterance
Doctor  FZid {1 2 #4592
What medicine have you taken?
Doctor  INAEILIZETS?
Are you still taking them?
Patient iL7ERZ
Still taking.
Patient P kSEHA
Paracetamol, Pseudoephedrine Hydrochloride, Dextromethorphan Hydrobromide and Chlor-
pheniramine Maleate Tablets

Doctor ZHJ (] T2
How long has it been like this?
Doctor % REE#%?
How old are you?
Patient —1=7T
I’m thirty-three.
Patient TZFET

It has been more than ten years.

Doctor  {RAE EINAEH WIS ?

Does your baby have a cough right now?
Doctor B A& AHIIEHIL?

Does it have a fever?
Patient {%H &4

No fever

Patient 5 PZK
Have a cough.

Table 8: Barge-in/Interruption examples in MedQA

Stage2 [ e e |
WU (A‘) ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Q 7777777777777777777 :

S;iiitz U, [SEP] U, [SEP] Us  [MASK] [SEP] Us; [MASK] [SEP]
Dialog Question Classifier

Stagel T ””””I 7777777777777777777777 ‘/””””IV””””””””””7 ””””I 7777777777777777777777

Input oS e o es %l ey Yoo ] [csy Y

Figure 7: The model workflow for the two-stage QA extraction where the first stage is the binary question classifier.
The workflow only works for 1-to-1 or 1-to-N QA extraction.
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Role

Utterance

Patient &R & EIG A 4 BHE?

Which department should I go to the hospital to check?
Doctor  FH/ A

Take a cervical spine X-ray.
Patient = ANZEMEIRANE 220 A ME— w12

Could it be a lack of sleep? I felt OK after a good night of sleep, why?
Doctor  FAEAN I 2 38 K ) L&

A bad cervical spine can compress the blood vessels of the brain.
Doctor iRE I YVE R E210?

How is your appetite? Is there any noticeable change?
Patient Hi2%ft 4 Bk

I just have no appetite.
Doctor #it BHIRE?

Do you have taken a gastroscope?
Patient LARISE A UM E R

Previous examinations suggested chronic gastritis.
Doctor &% /1>?

What is the body temperature?
Patient 37/%

37 degree.
Doctor  FFHUREERE?

How is your mental state?
Patient 14T

Not bad.

Table 9: Sequential QA Flow examples in MedQA
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Role Utterance
Patient Xt 4 A2
What is the reason for the symptom?
Doctor  MREEHERAIA?
Which parts of your body have the symptom?
Patient F FIfET

Doctor

Hands and neck
JRES N H A YRR, ST

Topically apply calamine lotion, and observe it.

Doctor

Patient

Doctor

Patient

DA H 2 Bt ?

Do you have any previous underlying diseases?
BEAE 4 R LR 2

Doctor, what is the underlying disease?

HInE R IR 2R 8 I X TE RS
Cerebral infarction, chronic bronchitis, etc.
BH ) EA -

No, doctor.

Patient

Doctor

Patient

Doctor

LS - N ABINCICH RIRZ AR ERE T W2

I’'m a nine-year-old female. Why is my memory getting worse suddenly?
U EE SN TN,

How long has it been like this?

—PEHT

It has been a week.

AN K AN I T2 5K AE O

It’s not a big problem, don’t worry too much.

Table 10: Clarification/Confirmation examples in MedQA
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Role Utterance

Doctor HJRZ IR T2

How long have you had a stomach ache?
Doctor & —HJRIlE—FE—FF&IR?

Is it constant pain or bouts of pain?
Patient —,=°K

two or three days
Patient IRELRFFRIMES

Very uncomfortable pain.

Patient &M 7FEEMNL?
Does blood coagulation need to be checked?
Patient FXLEEF BHAEE MK EIG?
Does it contain a coagulation test on these reports of mine?
Doctor  NFFEAE]
No need to check
Doctor ¥&H
No.

Doctor I AR LA ?
Have you ever had a backache before?
Doctor  FEHFPIRA TLEE SRR ?
Is the back pain related to the leg pain?
Patient A& LB 12 75 UG FEAME 3
It doesn’t hurt. Just after the ligament is strained, the waist and both sides hurt.
Patient fRIVE
No leg pain.

Table 11: Elaboration/Detailing examples in MedQA
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