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Abstract

While interacting with chatbots, users may
elicit multiple intents in a single dialogue ut-
terance. Instead of training a dedicated multi-
intent detection model, we propose DialogUSR,
a dialogue utterance splitting and reformulation
task that first splits multi-intent user query into
several single-intent sub-queries and then re-
covers all the coreferred and omitted informa-
tion in the sub-queries. DialogUSR can serve
as a plug-in and domain-agnostic module that
empowers the multi-intent detection for the de-
ployed chatbots with minimal efforts. We col-
lect a high-quality naturally occurring dataset
that covers 23 domains with a multi-step crowd-
souring procedure. To benchmark the proposed
dataset, we propose multiple action-based gen-
erative models that involve end-to-end and two-
stage training, and conduct in-depth analyses
on the pros and cons of the proposed baselines.

1 Introduction

Thanks to the technological advances of natural lan-
guage processing (NLP) in the last decade, modern
personal virtual assistants like Apple Siri, Amazon
Alexa have managed to interact with end users in a
more natural and human-like way. Taking chatbots
as human listeners, users may elicit multiple intents
within a single query. For example, in Figure 1, a
single user query triggers the inquiries on both high-
speed train ticket price and the weather of destina-
tion. To handle multi-intent user queries, a straight-
forward solution is to train a dedicated natural lan-
guage understanding (NLU) system for multi-intent
detection. Rychalska et al. (2018) first adopted hi-
erarchical structures to identify multiple user in-
tents. Gangadharaiah and Narayanaswamy (2019)
explored the joint multi-intent and slot-filling task
with a recurrent neural network. Qin et al. (2020)

“Equal contribution.
fCorresponding authors.

. . - 4 2 )
AT A HERE R S VR R AE A
How long does it take from Beijing to Nanjing in high-speed
train and how is the weather there

Multi-intent User Query )
~

N

Intentl: High_speed_train_ticket_price
DepartureFrom: Beijing DestinationTo: Nanjing

¢=) Intent2: Get_weather_POI POI: Nanjing

Multi-intent NLU J

N\
QUM A BEEhTE S VA )

How long does it take from Beijing to Intentl (Q1)
M Nanjing in high-speed train
Q2 = R AE & A

How is the weather in Nanjing

Intent2 (Q2)

Single-intent
\ DialogUSR Plug-in Module NLU )

Figure 1: The task illustration for DialogUSR. It serves
as a plug-in module that empowers multi-intent detec-
tion capability for deployed single-intent NLU systems.

further proposed an adaptive graph attention net-
work to model the joint intent-slot interaction. To
integrate the multi-intent detection model into a
product dialogue system, the developers would
make extra efforts in continuous deployment, i.e.
technical support for both single-intent and multi-
intent detection models, and system modifications,
i.e. changes in the APIs and implementations of
NLU and other related modules.

To provide an alternative way towards under-
standing multi-intent user queries, we propose com-
plex dialogue utterance splitting and reformulation
(DialogUSR) task with corresponding benchmark
dataset that firstly splits the multi-intent query into
several single-intent sub-queries and then recover
the coreferred and omitted information in the sub-
queries, as illustrated in Fig 1. With the proposed
task and dataset, the practitioners can train a multi-
intent query rewriting model that serves as a plug-in
module for the existing chatbot system with mini-
mal efforts. The trained transformation models are
also domain-agnostic in the sense that the learned
query splitting and rewriting skills in DialogUSR
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are generic for multi-intent complex user queries
from diverse domains.

We employ a multi-step crowdsourcing proce-
dure to annotate the dataset for DialogUSR which
covers 23 domains with 11.6k instances. The natu-
rally occurring coreferences and omissions account
for 62.5% of the total human-written sub-queries,
which conforms to the genuine user preferences.
Specifically we first collect initial queries from
2 Chinese task-oriented NLU datasets that cover
real-world user-agent interactions, then ask the an-
notators to write the subsequent queries as they
were sending multiple intents to the chatbots, fi-
nally we aggregate the human written sub-queries
and provide completed sub-queries if coreferences
and omissions are involved. We also employ mul-
tiple screening and post-checking protocols in the
entire data creation process, in order to ensure the
high quality of the proposed dataset.

For baseline models, we carefully analyze the
transformation from the input multi-intent queries
to the corresponding single-intent sub-queries and
summarize multiple rewriting actions, including
deletion, splitting, completion and causal
completion which are the local edits in the gener-
ation. Based on the summarized actions, we pro-
posed three types of generative baselines: end-to-
end, two-stage and causal two-stage models which
are empowered by strong pretrained models, and
conduct a series of empirical studies including the
exploration on the best action combination, the
model performance on different training data scale
and existing multi-intent NLU datasets.

We summarize our contributions as follows':

1) The biggest challenges of multi-intent detec-
tion (MID) in the deployment is the heavy code
refactoring on a running dialogue system which
already does a good job in single-intent detection.
It motivates us to design DialogUSR, which serves
as a plug-in module and eases the difficulties of
incremental development.

2) Prior work on MID has higher cost of data
annotation and struggles in the open-domain or do-
main transfer scenarios. Only NLU experts can
adequately annotate the intent/slot info for a MID
user query, and the outputs of MID NLU models
are naturally limited by the pre-defined intent/slot
ontology. In contrast, DialogUSR datasets can be
easily annotated by non-experts, and the derived

'Code and data are provided in https://github.com/
MrZhengXin/multi_intent_2022.
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Step4. Query Completion

Figure 2: The overview for the data collection proce-
dure of DialogUSR. Firstly we sample initial queries
from task-oriented NLU datasets (Sec. 2.1), then we
hire crowdsource workers to write follow-up queries
(Sec. 2.2). To aggregate the annotated queries, we pro-
pose text filler templates (marked in red, Sec. 2.3) and
post-processing procedure. Finally we ask annotators
to recover the missing information in the incomplete
utterances (marked in blue, Sec. 2.4).

models are domain-agnostic in the sense that the
learned query splitting, coreference/omission re-
covery skills are generic for distinct domains

3) Presumably MID is more difficult than sin-
gle intent detection (SID) given the same inten-
t/slot ontology. From the perspective of task
(re)formulation, DialogUSR is the first to convert
a MID task to multiple SID tasks (the philosophy
of ’divide and conquer’) with a relatively low er-
ror propagation rate, providing an alternative and
effective way to handle the MID task.

2 Dataset Creation

We collect a high quality dataset via a 4-step crowd-
sourcing procedure as illustrated in Fig 2.
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2.1 Initial Query Collection

In order to determine the topic of the multi-intent
user query, we sample an initial query from two
Chinese user query understanding datasets for
task-oriented conversational agents, namely SMP-
ECDT?(Zhang et al., 2017) and RiSAWOZ? (Quan
et al., 2020). Then we ask human annotators to sim-
plify the initial queries that have excessive length
(longer than 15 characters), or are too verbose or
repetitive in terms of semantics*. RISAWOZ is a
a large-scale multi-domain Chinese Wizard-of-Oz
NLU dataset with rich semantic annotations, which
covers 12 domains in fourist attraction, railway,
hotel, restaurant, etc. SMP-ECDT is released as
the benchmark for the “domain and intent identifi-
cation for user query” task in the evaluation track
of Chinese Social Media Processing conference
(SMP) 2017 and 2019. It covers divergent practical
user queries from 30 domains which are collected
from the production chatbots of iFLYTEK. We use
the two source datasets as our query resources as
they comprise a variety of common and naturally
occurring user queries in daily life for task-oriented
chatbot and cover diverse domains and topics.

2.2 Follow-up Query Creation

After specifying an initial query, we ask human an-
notators to put themselves in the same position of
areal end user and imagine they are eliciting mul-
tiple intents in a single complex user query while
interacting with conversational agents. The anno-
tators are instructed to write up to 3 subsequent
queries on what they need or what they would like
to know about according to the designated initial
query. Although most subsequent queries stick to
the topic of the initial query, we allow the human
annotators to switch to a different topic which is un-
related to the initial query®. For example in Figure
1, the second sub-query asks about the weather in
Nanjing, where the initial query is an inquiry on the
railway information. We observe that 37.3% anno-
tated multi-intent queries involve topic switching
by manually checking 300 subsampled instances

2http://ir.hit.edu.cn/SMP2017-ECDT

3ht’cps ://github.com/terryqj@107/RiSAW0Z

*The sentence simplification phase makes the annotated
multi-intent queries sound more natural, as users are not likely
to elicit a lengthy query. Given the fact that we would add 2
or 3 following sub-queries to the initial queries, they should
be simplified to keep a proper query length (Fig 2).

In fact, we neither encourage nor discourage topic
switching in the annotation instruction.

in the training set, which conforms to the user be-
haviour in the real-world multi-intent queries.

2.3 Query Aggregation

In the pilot study, we tried to ask human anno-
tators to manually aggregate the sub-queries but
found that the derived queries are somewhat lack
of variations in the conjunctions between the sub-
queries, as the annotators tend to always pick up
the most common Chinese conjunctions like *and’,
“or’, "then’. We even observed sloppy annotators
trying to hack the annotation job by not using any
conjunctions at all for each query (most queries are
fluent even without conjunctions). In a nutshell,
we find it challenging to screen the annotators and
ensure the diversity and naturalness of the derived
query in the human-only annotation. We then resort
to human-in-the-loop annotation, sampling from
a rich conjunction set to connect sub-queries and
post-checking the sentence fluency of aggregated
queries by GPT-2. After each round of annotation
(we have 6 rounds of annotations), we randomly
pick up 100 samples and check their quality, find-
ing that over 95% of samples are of high quality.
Actually most sentences in the Fig 9 (appendix) are
fluent and natural (especially in Chinese) without
cherry-picking.

More concretely we propose a set of pre-defined
templates that correspond to different text infilling
strategies between consecutive queries. Specifi-
cally, with a 50% chance we concatenate two con-
secutive queries without using any text filler. For
the other 50% chance, we sample a piece of text
from a set of pre-defined text fillers with differ-
ent sampling weights, such as “& 5&” (first of all),
“LLE (and), “PGLAERNE™ (1 also would like to
know), “BZ N £ (then), “H¢ /5" (finally), and then
use the sampled text filler as a conjunction while
concatenating consecutive queries. Although be-
ing locally coherent, the derived multi-intent query
may still exhibit some global incoherence and syn-
tactic issues, especially for longer text. We thus
post-process the derived query with a ranking pro-
cedure as an additional screening step. For each an-
notated query set, we generate 10 candidate multi-
intent queries with different sampled templates and
rank them according to language model perplexity
using a GPT-2 (117M) model. We only keep the
the candidate with lowest perplexity to ensure the
fluency and syntactic correctness. To avoid trivial
hacks in the complex query splitting, we remove
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Figure 3: The domain statistics of DialogUSR, which covers diverse domains in the conversational agents.

all the punctuations in the aggregated query, which
conforms to the default settings of most production
chatbots, i.e. no punctuations in the spoken lan-
guage understanding phase after going through the
automatic speech recognition module.

2.4 Query Completion

After assembling the multi-intent user queries, we
observe that incomplete utterances, such as co-
references and omissions, are frequently occurring
which account for 62.5% of total human-written
subsequent queries. Note that, in the annotation in-
struction, we do not explicitly ask the crowdsource
worker to use coreferences or omissions while writ-
ing the subsequent queries in the follow-up query
creation phase. The naturally occurring incomplete
utterances reflect genuine user preferences while
sending out multiple intents. To gather sufficient in-
formation while splitting multi-intent queries into
independent single-intent queries, we ask another
group of annotators® to write the completed utter-
ances by recovering omitted and co-referred infor-
mation for the incomplete queries.

2.5 Data Annotation Settings

To perform human annotation, we hired crowd-
source workers from an internal data annotating
group. The workers were limited to those who
have abundant hand-on experiences in annotating
conversational data with good records (recognized
as experts in the internal assessment, rejection rate

The query completion phase starts when follow-up query
creation phase has finished. We hire another group of annota-
tors that did not participate in the follow-up query writing task
to screen the quality of rewritten queries while doing query
completion.

< 1%). Additionally, all the workers were screened
via a 10-case qualification test that covers various
annotation tasks in Sec 2.1 to Sec 2.4 (correctly
annotating 8 out of 10 cases). They were paid 0.6$
per datapoint, which is more than prevailing local
minimum wage. We split the entire annotation pro-
cedure into multiple rounds and hire another group
of human judges to post-check the quality of anno-
tated dataset and filter unqualified instances after
each round. In this way, we create a high-quality
crowdsourcing dataset.

3 Dataset Analysis

Dataset Statistics In total, after accumulating
annotations for several rounds, we obtain 11,669
instances. We conduct 6 rounds of annotation,
increasing the annotation scale with each round
(ranging from ~100 instances/round to ~4000 in-
stances/round). On average, an aggregated multi-
intent complex query from the proposed Dialo-
gUSR dataset comprises 36.7 Chinese characters
by assembling 3.6 single-intent queries (including
initial and follow-up queries). After recovering
missing information in the query completion phase
(Sec 2.4), the average lengths of completed ini-
tial query, first follow-up query, second follow-up
query and third follow-up query are 11.9, 12.3,
12.4, 10.8 respectively. We split the dataset into
train, validation and test sets with sizes of 10,169 ,
500, 1,000 respectively.

Domain Statistics The domain statistics of Dia-
logUSR is depicted in Fig 3. Thanks to the diverse
domains of our source datasets, DialogUSR covers
23 domains that chatbot users frequently query on
in their daily life. Additionally, as mentioned in
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Figure 4: The ratio of the incomplete utterances in the gold outputs of DialogUSR. The blue bar signifies incomplete
utterances which requires rewriting while the orange bar represents complete utterances.

Sec 2.2, the annotators proactively switch topics or
domains in the data creation procedure. We find
that, on average, a complex query in DialogUSR in-
volves 1.4 domains, showing the potential usage of
recognizing user intents across different domains.
The models training on the DialogUSR dataset can
deal with divergent situations in the practical usage
while accommodating the utility of personal virtual
assistant.

Incomplete Utterance Analysis Existing multi-
intent detection datasets, such as MixATIS and
MixSNIPS (Qin et al., 2020), were created us-
ing simple heuristic rules, e.g. adding a partic-
ular conjunction “and” while concatenating two
single-intent queries. The simple heuristic datasets
largely undermine the multi-intent detection in the
real-world conversational agents, where users natu-
rally interact with chatbots with coreferences and
omissions. As highlighted in Sec 2.4, nearly two
thirds of human-written subsequent queries are in-
complete. We further show the incomplete ratio of
follow-up queries for different domains in Fig 4. In
the incomplete utterances, according to our statis-
tics, only 2.4% of them belong to the coreferred
phenomenon, showing that users prefer not using
pronouns to refer to previously mentioned entities.

4 Baseline Models

4.1 Task Overview

As depicted in Figure 5, the input (Q1) and the
output (Q4) of DialogUSR have a large text over-
lap. The transformation from Q1 to Q4 can be
viewed as several local edits that retain the main

“Ql; Q27 .

body of the input query. We thus define several
implicit actions that guide the transformation: 1)
The Split action (Q1—Q2) divides the complex
multi-intent query into specific single-intent query
with a special token. In our implementation we
use the semicolon (;) and set up a heuristic rule
that puts the semicolons before the text fillers if
the latter appear. 2) The Delete action (Q2—Q3)
removes the text fillers and keep the salient queries
for the subsequent actions. 3) The Complete ac-
tion (Q3—Q4) recovers the coreferred and omitted
information in the recognized single-intent queries
so that they can be effectively parsed by the exist-
ing (single-query) NLU module. 4) The Causal
Complete strategy consists of the Split action
(Q1—Q2) and several Complete actions that echo
with the token-by-token auto-regressive text gen-
eration. The difference is that Causal Complete
strategy in DialogUSR recovers the missing infor-
mation in the incomplete user utterances with a
query-by-query fashion (Q5—Q6—Q7).

4.2 End-to-end Generative Models

The most straightforward way is to train a sequence-
to-sequence model to learn the transformation from
the multi-intent query (Q1) to the decomposed
single-intent ones (Q4) in the end-to-end fashion.
The models are trained to implicitly split the raw
query (without punctuation) (Q1—Q2), delete the
conjunctions (Q2—Q3) and recover the missing
information (Q3—Q4) in one single turn of gener-
ation. Specifically given the multi-intention com-
plex query, the model is trained to output the se-
quence of multiple completed independent queries
.3 Qn; </s>7, where “;”, n, “</s>” rep-

66,9
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Exact Match (EM)

Model BLEU METEOR ROUGE SACC

Comp. Rew. Avg.
End-to-end (mT5-base) 49.37 57.54 60.14 84.40 88.26 56.89 56.17
End-to-end (mT5-large) 57.07 59.83 66.47 93.50 93.53 63.04 63.90
End-to-end (mT5-x1) 64.37 62.52 72.71 9790 97.52 70.07 71.45
End-to-end (mBART-large) 62.32 62.24 71.09 98.60 97.03 68.11 69.48
Two-stage (once,mT5-base) 49.38 58.03 60.21 83.80 89.64 5695 56.17
Two-stage (casual,mT5-base)  55.29 60.26 65.11 85.30 89.80 61.72 60.79
Two-stage (once,mT5-large) 57.86 60.39 67.03 94.10 9254 63.79 64.53
Two-stage (casual,mT5-large)  62.09 62.04 70.68 9420 9353 67.72 68.24
Two-stage (once,mT5-x1) 64.37 62.82 72.50 98.70 97.04 70.33 71.78
Two-stage (casual,mT5-x1) 63.73 62.86 72.46 98.80 95.07 70.28 71.62

Table 1: The benchmark for the baseline models (Fig 5). “Comp.” and “Rew.” correspond to the complete and
rewritten (incomplete due to coreferences or omissions) queries. We report the median scores over 5 runs.

resent the query separation token, the number of
queries and the end-of-sentence token, respectively.

4.3 Two-stage Generative Models

In stead of performing all three actions in one single
turn, we try to guide the transformation by a step-
by-step generation (Moryossef et al., 2019; Liu
et al., 2019, 2021). Notably, the Split, Delete
and Complete actions in Fig 5 can be arbitrarily
permuted throughout the generation process, €.g.
firstly removing text filler then split the complete
the complex query (Delete—Split—Complete).
However we observe the performance drop if we
explicitly employ a 3-step generation due to the
error propagation.

Two-stage model (once) we resort to a two-stage
procedure that firstly splits the complex query
(Q1—Q2) and then recovers the incomplete ut-
terances (Q2—Q4). As the Split action is rel-
ative easy, i.e. achieving nearly 100% accuracy on
the query separation, the error accumulations are
largely mitigated.

Two-stage model (casual) Due to the fact that
the former sub-queries would not be affected by
the subsequent queries, we propose a “causal”-
style query-by-query generation (Q5—Q6—Q7)
in which the current sub-query to be reformu-
lated only conditions on the prior sub-query in-
stead of seeing the bidirectional context. Specifi-
cally, the Causal complete action takes place af-
ter the Split action. In the ¢-th episode of Causal
complete action, we feed the model with incom-
plete queries “qy; ...; ¢, and then train the model
to generate the completed query ;. In this way,

we greatly reduce the search space without the sac-
rifice on model performance. From an engineering
standpoint, the proposed Causal complete action
is a natural fit for the “streaming” conversational
agent, i.e. simultaneous query splitting and infor-
mation recovery followed by single-intent NLU
while the users are eliciting multiple intents.

5 Experiment Settings

Model Setting We experiment with a variety of
pretrained models via Hugging Face Transform-
ers (Wolf et al., 2020), including mT5 (Xue et al.,
2021) with three different parameter scales, namely
T5-base (580M), T5-large (1.2B), T5-x1 (3.7B) ,
and mBART-large (Liu et al., 2020b) with 340M
parameters as the backbones for the end-to-end
and two-stage models. They are all multi-lingual
pre-trained models that support both Chinese and
English DialogUSR. We use the Adam optimizer
(Kingma and Ba, 2015) with the learning rate
of 0.00003 and train the models for maximum 9
epochs on 4-8 A100 Gpus.

Evaluation Metrics Viewing DialohUSR as a
sequence generation task, i.e. concatenating the
segmented single-intent queries with semicolons
like Q4 in Fig 5, we use BLEU-4 (Papineni et al.,
2002), METEOR (Lavie and Denkowski, 2009),
ROUGE-L (Lin, 2004), which are three commonly
used automatic evaluation metrics to measure the
ngram similarity with the reference in the token
level. We also propose two new sentence-level
metrics, namely Split Accuracy (SACC) and Exact
Match (EM) to evaluate the model performance for
DialogUSR. Specifically SACC measures the ratio
of correct query splitting. We consider a multi-
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Input @1): EHEAEZTFENIATHNEFETES K
ARG E—TARLGHE ER

Check the high-speed train from Xiamen to Nanjing on Friday afternoon,
how long does the journey take, then check out the special food there.

Split(Q2): ZHMAATHFANIATYFHE [SP] F
2% RutE [SPIREE—TAAGFEER

Check the high—speed train from Xiamen to Nanjing on Friday afternoon
[SP] how long does the journey take [SP] then check out the special food
there.

FELKutE [SP] E—TFAAGEHEER

Translation is the same as above

Complete (Q4): &M A A TFEITE AT E [SP]
BIE T A &S KetE [SP] E—TFTH vy
HEeER

Check the high—speed train from Xiamen to Nanjing on Friday afternoon
[SP] How long does it take to travel from Xiamen to Nanjing in high—-
speed train [SP] Check out the special cuisine in Nanjing

Causal Complete:
Step1(05): THMAAT AN ATHHE =
TMBAATARINE AT E

Check the high—speed train from Xiamen to Nanjing on Friday afternoon
=> Translation is the same as above
Step2(Q6) : TR AT AN ARG HE [SP] &
E5RUE > 012 kTGRSR
Check the high—speed train from Xiamen to Nanjing on Friday afternoon
[SP] how long does the journey take => How long does it take to travel
from Xiamen to Nanjing in high—-speed train
Step3(@7) : EWAATFRINE AT E [SP] &
2% Kot [SP] REE—TALYFEELE

> E-THrHHEER
Check the high-speed train from Xiamen to Nanjing on Friday afternoon
[SP] how long does the journey take [SP] then check out the special food
there => Check out the special cuisine in Nanjing

End—to—end (E2E): Q1 — Q4
Two—stage (Once): Q1 — Q2 — Q4
Two—stage (Casual): Q1 — Q2 — [05 —» Q6 — Q7]

Figure 5: The overview for the actions taken to trans-
form a multi-intent complex user query (Q1) to the exe-
cutable single-intent queries (Q4). We use red, blue and
green to highlight the text fillers, omitted information
and query delimiters, respectively.

query to be correctly separated if the models split
it into exactly the same number of queries as the
reference:

1

where n is the number of instances, I is the indica-
tor function, Qz(fr)e 4 and foe)  are the i-th predicted
and reference query list. As for EM, we consider
it correct if the predicted query is exactly the same
as the reference one:

B ZZ Zj HQ(i) =Qi

EM pred_j ‘Tefij
Zlgign len(Qf,Q )
where Q;?e dj and fogf - represent the j-th pre-

dicted and reference query of the ¢-th instance. We

Combination BLEU SACC EM

DE — (SP+CP) 46.08 77.00 51.25
(DE+CP) — SP 3423  70.10 47.57
(SP+DE) — CP  47.60 82.00 54.15
(SP+CP) —DE  45.67 80.20 52.42
CP — (SP+DE) 45.66 78.80 52.28
SP—-DE —CP 4766 8340 5448
SP — (DE+CP) 4937 84.40 56.17

Table 2: The exploration on the most effective action
combination for the two-stage (once) model using the
mT5-base models. SP, DE, CP are the abbreviations of
the Split, Delete and Complete actions in Fig 5.

Model MixSNIPS MixATIS
BLEU EM BLEU EM
T5-base  99.46 95.13 96.94 74.88
TS5-large 99.60 97.64 9852 88.77
T5-x1 99.62 98.14 99.87 98.55

Table 3: End-to-end model performance on the MixS-
NIPS and MixATIS datasets.

0.60 _—a 0.9 \ Model
B T —— End-to-end
L= /777, 0.8 \ Two-stage (once)

055 \+ Two-stage (casual)
% 0.7 \
>
< \
0.50 \
= ) 0.6 \ \
0.45 05 \'\\
N \.,,77—777"
0.4 S~
0.40 - .
25% 50% 75% 100% 1 2 3 4
Training Data Query No.

Figure 6: The model performance (mT5-base) of differ-
ent training data scale (left) and sub-queries (right).

calculate Exact Match in three different situations:
EM-Complete, where we only consider the queries
that does not need further modification (Q5 in Fig
5); EM-Rewritten, where delete or complete ac-
tions are needed (Q6, Q7 in Fig 5); and finally
EM-Average, in which we consider all the queries.

6 Analysis and Discussions

Baseline performance Table 1 shows the perfor-
mance of the baseline models on DialogUSR. For
both end-to-end and two-stage generative baselines,
enlarging the model parameters of mT5 models
leads to a considerable performance gain, which in-
dicates that powerful pretrained models with larger
capacity are important in learning query transfor-
mation in DialogUSR. In terms of the comparisons
between end-to-end and two variants of two-stage
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Input: HAE—TAS MB G THXKEZF LKL
A LAF R K E S KEFE 2 S NEHT ST AT
First search the train tickets from Guangzhou to Nanning and I want to
know how many trains are there; how long does it take to arrive by train;
how far is it to travel from Guangzhou to Nanning

Reference: &=— T A ME @ TH K EZE [SP] J N2
ATHXEAILATE [SP] JMaldTERES K
g [SP] SMEHTS VAL

Search the train ticket from Guangzhou to Nanning [SP] How many trains

are there from Guangzhou to Nanning [SP] How long does it take to arrive

in Nanning from Guangzhou by train [SP] How far is it to travel from
Guangzhou to Nanning.

End-to-end: &= — T A ME&HTHKEZ [SP] AT
M E T AH LA E [SP] A £ K % 5 Kot i 51
[SP] S MsERIT SV AE

Search the train ticket from Guangzhou to Nanning [SP] How many trains
are there from Guangzhou to Nanning [SP] How long does it take to travel
by train from Guangzhou [SP] How far is it to travel from Guangzhou to
Nanning

Two-stage (once) : &E—TF A M B & THI K £ Z [SP]
AT M B T A LR & [SPT A i 4 K & Bt ]
2T [SP] S MsEd TS AR [SP]

Search the train ticket from Guangzhou to Nanning [SP] How many trains
are there from Guangzhou to Nanning [SP] How long does it take to arrive
in Nanning by train from Nanning [SP] How far is it to travel from
Guangzhou to Nanning

Two—stage (causal): &—TFAT MBI HTHRKEE
[SP] JmMald T KEAILAEFIE [SP] JME&HT
EXKEZKEME [SP] JMEHT S I NE

Translation is the same as the reference

Figure 7: The demonstration of generated outputs for
different baseline models. The query marked in red is
wrong due to the missing destination of the train, while
the query marked in blue is a paraphrase of the the
reference.

models, we observe that for mT5-base and mT5-
large, the causal-style two-stage model is the clear
winner among the three models, which shows that
the query-by-query transformation (Q5—Q6—Q7
in Fig 5) is the most effective way to recover
the missing information while reformulating the
queries. For mT5-x1, the performance gap between
two-stage and end-to-end baselines is largely re-
duced, indicating powerful trained models may
close the gap between different baselines.

We also report the model performance on the ex-
isting multi-intent detection datasets, namely MixS-
NIPS and MixATIS. As mentioned in Sec 3, both
of them are created by inserting specific conjunc-
tions between two complete single-intent queries
from the SNIPS (Coucke et al., 2018) or ATIS
(Hemphill et al., 1990) datasets, without any coref-
erence or omission phenomenon. In other words,
both of them can be effectively solved with an end-
to-end model using the Delete and Split actions.
The large performance gap of the same model on
the MixATIS/ MixSNIPS and the proposed Dialo-
gUSR verifies that the multi-intent query splitting

and reformulation task is far from solved.

Findings in the different action combinations
As elaborated in Sec 4.3 and Fig 5, the Split,
Delete and Complete actions can be permuted dur-
ing the generation. We thus try to find the most ef-
fective action combination for the two-stage (once)
model as shown in Table 2. We find that 1) The
3-stage models’ (SP—DE— CP) are not necessary
in the multi-stage generation compared with its
two-stage variants (SP — (DE+CP)) because of the
risk of error propagation (performance drop) and
larger computational overhead. 2) The Split ac-
tion should be placed in the first stage, as placing it
in the second stage exhibit large performance drop,
e.g. SP — (DE+CP) and (DE+CP) — SP. Presum-
ably this is because the query splitting transforma-
tion may not be robust to the potentially ill-formed
rewritten queries due to the lack of exposure to the
noisy training data. 3) The Delete and Complete
actions should be merged and placed in the second
stage of generation. These two actions together can
be viewed as a rewriting operation that deletes the
conjunctions and recovers the missing information.

Detailed analysis on model outputs As the Dia-
logUSR is actually a domain-agnostic query rewrit-
ing task, we investigate the performances of the
baseline models with different training data scale
in Fig 6 (left). With less training data, we observe
a clear boost while employing the two-stage mod-
els. Fig 6 (right) shows the model performance
while generating the sub-queries in different posi-
tions, e.g. QS5, Q6, Q7 in Fig 5) correspond to the
first, second and third queries while splitting the
multi-intent complex query. We observe a large per-
formance drop while comparing the first query and
the subsequent queries, because in real-world sce-
narios most users would not include coreferences
or omissions in the query, which make it much
easier to split and complete the first sub-query.

We also provide a case study for the generated
outputs from different baseline models in Fig 7.
Both the models trained with the two-stage strat-
egy produce correct and executable single queries,
while the end-to-end model misses the destination
information in the third query, which would end
up with the false parsing results in the downstream
NLU modules of conversational agents.

"We try different actions permutations on the 3-stage mod-
els and put the most effective combination in Table 2.
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7 Related Work

Incomplete Utterance Restoration To convert
multi-turn incomplete dialogue into multiple single-
turn complete utterance, two major paradigms are
available currently. One straight-forward way is
to consider it as a sequence-to-sequence problem,
using models including RNN (Pan et al., 2019; El-
gohary et al., 2019), Trans-PG+BERT (Hao et al.,
2021) and TS with importance token selection (In-
oue et al., 2022). And since the source and target ut-
terances are highly overlapped, another approach is
to edit rather than generate from scratch, specifying
the operation by sequence tagging. Pan et al. (2019)
proposed Pick-and-Combine model, while Liu et al.
(2020a) introduced Rewritten U-shaped Network
which imitates semantic segmentation by predict-
ing the word-level edit matrix, and with similarity
Huang et al. (2021) used a semi auto-regressive
generator. Later, Hao et al. (2021) proposed RUST
to address the robustness issue and Jin et al. (2022)
proposed hierarchical context tagging to achieve
higher phrase coverage.

Multi-intent detection Spoken language under-
standing (SLU) which consists of intent detection
and slot filling is the core in spoken dialogue sys-
tems(Tur and De Mori, 2011). Intent detection
mainly aims to classify a given utterance with its
intents from user inputs. Considering this strong
correlation between the two tasks, some joint mod-
els are proposed based on the multi-task learning
framework. (Zhang and Wang, 2016; Goo et al.,
2018; Qin et al., 2019; Yao et al., 2014; Li et al.,
2018). Li et al. (2018) proposed the gate mech-
anism to explore incorporating the intent infor-
mation for slot filling. Convolutional-LSTM and
capsule network have been proposed to solve the
problem (Xia et al., 2018). Gangadharaiah and
Narayanaswamy (2019) shows that 52% utterances
are multi-intent in the Amazon internal dataset
which indicate that in real world scenario, however,
users often input utterance containing multi-intent.
Therefore, Rychalska et al. (2018) first adopted
hierarchical structures to identify multiple user in-
tents. Qin et al. (2020) associate multi-intent detec-
tion with slots filling via graph attention network.
Larson and Leach (2022) offers a thorough
overview on the existing multi-intent detection
datasets. Except from MixATIS and MixSNIPS
datasets, TOP (Gupta et al., 2018) contains multi-
intent queries annotated in a hierarchical manner

which dramatically improves the expressive power
while DialogUSR contains queries and rewriting
queries which can bridge the single-intent dec-
tion and multi-intent detection and also decoupling
the query intent detection section and multi-intent
query separation section. NLU++ (Casanueva et al.,
2022) has been collected, filtered and carefully an-
notated by dialogue NLU experts while DialogUSR
queries are created by human annotators and aggre-
gated by rules and evaluated by model which lead
to a lower cost of data annotation than NLU++.

8 Conclusion

We propose DialogUSR, a dialog utterance splitting
and reformulation task and corresponding dataset,
for multi-intent detection in the conversational
agents. The model trained on DialogUSR can serve
as a domain-agnostic and plug-in module for the ex-
isting product chatbots with minial efforts. The pro-
posed dataset contains 11.6k high quality instances
that cover 23 domains with a multi-step annotation
process. We propose multiple action-based genera-
tive baselines to benchmark the dataset and analyze
their pros and cons through a series of investiga-
tions.

Limitations

The proposed DialogUSR focuses on a single task
for the research community and lacks of implemen-
tation details in the product conversational agents.
The approaches on how the proposed DialogUSR
interacts with other modules, e.g. dialog manager,
ranking module for candidate NLU parsing results,
remains an interesting and important research area.
We position our work in the line of researches
which enhances advanced conversational Al (i.e.
multi-turn or multi-intent) by query rewriting, and
leave multi-intent slot-filling entity annotation to
the further work.
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A Implementation Detail

We run the experiments with Huggingface Trans-
formers library on 4 Nvidia A100 GPU, with the
training batch size of 96. For experiments on full
training set, we set warm up step as 50. For beam
search of seq2seq model, the beam size is 4. We
train and test our models with 8 A100 GPUs.

Model-Size Inference (ms)  Train (s)
End-to-end, base 71.94 289
End-to-end, large 114.95 450
End-to-end, x1 118.59 712
Two-stage(once), base 156.85 570
Two-stage(once), large 201.11 875
Two-stage(once), x1 211.26 1392
Two-stage(casual), base 173.90 1118
Two-stage(casual), large 253.06 1911
Two-stage(casual), x1 277.07 2859

Table 4: Model Inference Speed and Training Time

B Query Aggregation Detail

In Table 5, we provide conjunction probability dis-
tribution when we have four queries need to be
aggregated. Conjunction0 is placed at the head of
consecutive queryl. Conjunctionl, Conjunction2
and Conjunction3 is placed at the tail of consecu-
tive query1, query2 and query3 respectively. As de-
scribed in Table 5, Conjunction0 have 50% chance
to be empty and 25% probability to be “4¢”(first)
and another 25% chance to be “F 57 (first of all).
Similarly, Conjunction] is placed at the middle of
queryl and query2 with the probability described
in the table and so on. Table 6 shows the probability
distribution of conjunctions when three consecutive
queries that need to be aggregated. We generate 10
candidate multi-intent queries by joining consecu-
tive queries with conjunctions described in Table 5
and Table 6. After query aggregation, we calculate
the perplexity of ten candidate multi-intent queries
and select the most fluent sentence as multi-intent
query in DialogUSR.

C DialogUSR Cases In All Domains

In Figure 8, for every twenty three domains, we
respectively provide one case to show our dataset.
All twenty three domains in DialogUSR are listed
in Figure 8 including Attraction, TV, Railway,
Weather, Restaurant, Flight, Movie, Hotel, Car,
Hospital, Courses, Cook, News, App, Navigation,
Music, Translation, Mail, Dial, Disease, Time,
Sports. Query indicates the multi-intent query in

Conj0_Prob Conjl_Prob Conj2_Prob Conj3_Prob

None 50% 50% 50% 50%
% 25% 0% 0% 0%
=5 25% 0% 0% 0%
WIF 0% 10% 10% 10%
] 0% 2.50% 2.50% 2.35%
BB AEHE 0% 2.50% 2.50% 2.35%
AN EAEHLE 0% 2.50% 2.50% 2.35%
=12 0% 2.50% 2.50% 2.35%
LK 0% 2.50% 2.50% 2.35%
F 0% 2.50% 2.50% 2.35%
AE 0% 2.50% 2.50% 2.35%
HA 0% 2.50% 2.50% 2.35%
HRE 0% 2.50% 2.50% 2.35%
FEH 0% 2.50% 2.50% 2.35%
Hik 0% 2.50% 2.50% 2.35%
Elin] 0% 2.50% 2.50% 2.35%
BRTXMEE 0% 2.50% 2.50% 2.35%
5 0% 2.50% 2.50% 2.35%
BiE 0% 2.50% 2.50% 2.35%
TR 0% 2.50% 2.50% 2.35%
i35 0% 0.00% 0.00% 2.35%

Table 5: Conjunction probability distribution in four
queries cases.

ConjO_Prob Conjl_Prob Conj2_Prob

None 50% 50% 50%
5 25% 0% 0%
Bt 25% 0% 0%
Wa 0% 10% 10%
inE 0% 2.50% 2.35%
Foab B EnE 0% 2.50% 2.35%
AINBRAEELE 0% 2.50% 2.35%
H—"1 e 0% 2.50% 2.35%
LI 0% 2.50% 2.35%
F 0% 2.50% 2.35%
BE 0% 2.50% 2.35%
FH 0% 2.50% 2.35%
HRE 0% 2.50% 2.35%
Huh 0% 2.50% 2.35%
Hix 0% 2.50% 2.35%
Eiliy 0% 2.50% 2.35%
BRTXMNEE 0% 2.50% 2.35%
& 0% 2.50% 2.35%
s 0% 2.50% 2.35%
BROR 0% 2.50% 2.35%
e 0% 0.00% 2.35%

Table 6: Conjunction probability distribution in three
queries cases.

DialogUSR and Queryl to Query4 represent the
single-intent queries in DialogUSR.

As mentioned in Follow-up Query Creation sec-
tion, we observe that 37.3% multi-intent queries
involve topic switching and this phenomenon can
be found in case of Translation, Time, Phone
Courses etc. In Translation case, queryl to query3
is about translation while query4 What is the route
to Tiananmen(Z= K %[ B2 Z 11 4) is about
Navigation. As shown in Figure 4, a large amount
of sub-queries in multi-intent query is missing in-
formation therefore they need to be rewritten by hu-
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man annotators. This situation can be easily found
in many cases, for example, TV case, Railway case,
Weather case, Restaurant case etc. For example, in
Railway case, the sub-query I would also like to
know what time is the latest train? (F¢ 14848 %038 Fx
BREIZEIRGE JLAL? ) lack the key information and
human annotator rewirte the sub-query as What
is the latest train number to Zhengzhou (£ %} M|
IR ZEIRAE JLA). We also provide a English
version of twenty three cases in every domain in
Fig 9.

D Broader Impact and Ethnic
Consideration

Data in DialogUSR does not involve user privacy.
The data source we collect from SMP-ECDT and
RiSAWOZ is open source for research and is li-
censed under the MIT License which is a short
and simple permissive license with conditions only
requiring preservation of copyright and license no-
tices.

Our generative baseline models have very low
risk in terms of producing discriminatory, insult-
ing words or divulging privacy due to the fact all
the training data are strictly screened and do not
include private user information or insulting con-
tent. All involved annotators voluntarily partici-
pated with decent payment.
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Input W E 21 R B R R R LA R T E s A AN AR E B S EE AE
The bus from Zhaotong to Nanchang; what time does it leave at the earliest; does it take the highway;
also I would like to know how long it will take to get there by self-driving

End-to-end i E 21 FE S A5 (SP] ARl 21 B AR i B LA R F[SP] FRE 21 B & AR & Mk

Two-stage (Once)

Two-stage (causal)

I3[SP] MBS B B2 2L AE

The bus from Zhaotong to Nanchang [SP] What time does the bus from Zhaotong to Nanchang leave
at the earliest [SP] Does the bus from Zhaotong to Nanchang take the highway [SP] How long it will
take to get there from Zhaotong to Nanchang by self-driving

i E 21 B B 1)1 9 [SP] B E 21 B B B3 %E fe B LR R F(SP) B E 21 B B B9 8 =
I5[SP] B HHEEIR B L A%

The bus from Zhaotong to Nanchang [SP] What time does the bus from Zhaotong to Nanchang leave
at the earliest [SP] Does the bus from Zhaotong to Nanchang take the highway [SP] How long it will
take to get there by self-driving from Zhaotong to Nanchang

I 38 21 e B 1)1 9 [SP] 8 21 B B B3 i B LR & F[SP) B 21 B B A9 48 =
I5[SP] HEMEE|# & HE AE|

The bus from Zhaotong to Nanchang [SP] What time does the bus from Zhaotong to Nanchang leave
at the earliest [SP] Does the bus from Zhaotong to Nanchang take the highway [SP] How long it will
take to get there by self-driving from Zhaotong to Nanchang

Input R —HRN R RIS = TR A A R MEIRE R —E0FECHEhER R
Recommend an action movie; I want to watch a TV series with about 30 episodes; and then look for
an action movie in the 90s

End-to-end R —HRANERERSP] TEE = TR AH KN ERARI[SP] 1 —HR0E X AIBHERR

Two-stage (Once)

Two-stage (causal)

Recommend an action movie [SP] I want to watch an action TV series with around thirty episodes

[SP] Looking for an action movie from the 90s

T — BB ER R (SP] BB = T8 A BIFALEI[SP) $—ER90EAIEh R

Recommend an action movie [SP] I want to watch a TV series with around thirty episodes [SP]

Looking for an action movie from the 90s

ﬁﬁ;%ﬁ%%%wwﬁ%ﬁ£+%56%ﬂﬁ%MﬂBH&—%%$RE+$EE%ﬁ
W

Recommend an action movie [SP] I want to watch an action TV series with around thirty episodes

[SP] Looking for an action movie from the 90s with around thirty episodes

Input

BHAEE N NEEMIMEG A RSAIFEAEFE T B =F %A BN RS 8 ALE S &
ZFEH 2R

First, I want to check what weather will be in Hangzhou next Wednesday; in addition, I want to know
if there is a flight to Hangzhou next Wednesday; I also want to know what clothes to wear.

End-to-end

Two-stage (Once)

Two-stage (causal)

ﬁf?@iﬁM%ﬁZﬁ%BﬂT%EE&E%HM%%%BHT%EﬁM%ﬁ%ﬁé%
LK

Check what weather will be in Hangzhou next Wednesday [SP] Is there a flight to Hangzhou next
Wednesday [SP] What clothes should I wear for the weather in Hangzhou next Wednesday

%TTEEHM%H@%%BHT%Eﬁ&ﬁ%ﬁmwmﬂmmTEEﬁMﬁ%?ﬁZR

Check what weather will be in Hangzhou next Wednesday [SP] Is there a flight to Hangzhou next
Wednesday [SP] What clothes should I wear in Hangzhou next Wednesday

BN T REZHINRA 2 RSUSPL T RAZHERE EVMABIESP] T E=HME S 44K
ilk4

Check what weather will be in Hangzhou next Wednesday [SP] Is there a flight to Hangzhou next
Wednesday [SP] What clothes should I wear in Hangzhou next Wednesday

Input R — RO i) = R 28 VR IR AR B A B 2
Recommend an off-road sedan; is there any four-wheel drive; I want a high-end car
End-to-end A — R ) = R 4 (SP) R R PH B AT 1) = Jf 4 [SP) A8 2 o e ) s T A = i 4

Two-stage (Once)

Two-stage (causal)

Recommend an off-road sedan [SP] Is there a four-wheel drive off-road sedan [SP] I want a high-

profile off-road sedan

YT —FGRET A = R 22 [SP] /B VA U IR AR T = JF 4 [SP] AR 2 1y BT 1 U AR B B = g 22

Recommend an off-road sedan [SP] Is there a four-wheel drive off-road sedan [SP] I want a high-end

four-wheel drive off-road sedan

%ﬁ-ﬁﬂﬁ%z@?mﬂﬁ&ﬁ@%%@ﬁ%zﬁimmﬁﬁ%%ﬁ%@%%@ﬁzﬁ
[SP]

Recommend an off-road sedan [SP] Is there a four-wheel drive off-road sedan [SP] I want a high-end

four-wheel drive off-road sedan

Table 7: Examples of model rewriting queries
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Domain Queryl Query2 Query3 Query4 Query

HEFF R A BT B AL b B AR
SUAE EL frE

HEFF R R BB R Ty . B T X ANEA R

FMERLDESE  Now WEBEER (LR ? A% RAL WSS

Attraction

™V R T WITE DAL B e 1 AL B T /énﬁheJE&H%J:/\ﬁ- W PGSR H . AERATRENLGEEATH? GEA

T R ER AT T T A EE R AN T
. SUSHRIAI £ S SR R BRSO, RISHLRINELE L2 1
Train AR 2EMAIKE JUK EYon L5125 I E D47 A — AT LRSI ?
e R SRE AR | o RORA . BAREALHIGT U R 4 R 5
Weather | ISTHIRS AL sk PTENETE ok RRIEE AR B TSRS R
ey PEARBUL 0T SEIT 00004 T 5 KU IR T, 550 BB KBS AR 1 2
Restaurant 4422 ML 76 47 i B None e TN
Fliohe Lﬁ%&%ﬁ%ﬁE%iﬁi?m%%&%L@%Etiﬁlﬁku R MG ONE. AT BT, SR
: 3 ORI R AL RER ORI, AT JLBAEE?

. sy R R R WP B, AR, Y
Movie e —HEELL ™ o None R BT 1
Hore  TURTHUHh M SR KBS S B X UKt R . S TR B T 7
R e e S A B L T2
SFFISUVE BERLR 42— Bk el
P A — A FZ SV

HERE AR FASUV . 53 A SRAR S 4 2 0 o ) A2 0 —

Cor | HER—MEASWY A7 ISR AR — A

None

HERE— U oo o e None | MERE BRI, WEHCHBHTHSAR? H R

IR R A G 1T 2

Computer

RADH WL R R None B K ERERE . BT Mzt AF. SR

Hospital & —ZX =2 fi HaFt AR Z D2

Mt RRCRH st ot BRI IR et — /X S S I RO S W — AL

Courses RPXMEFME T ganienss  syeam— None Bl TMRHEBSTRELIE 1—1-?
4 . SRR BAE IR R B4R, B AL AR B R .
Cook  BABGER - REREA T g i e 3 FLBR AT AL 2
S FHMATH 45 S FBM TR R F MO . RO LGN, REBIK TN 1
News il fyi i % UM IURIOH 7 5 ity R 97 e 1 LR 5
app  TTFEUIIA SRBIOBIID oo VATV T2 0 BRI . B0 MET DL
PP b 2 T LB b s A AR ARG BB K . BRI AIEWAA T TR 02

o BRI A ST GBS RRTI BIS R Ak, ARV UL B AR, B
Navigation — SIZHE 2k s Zb4k H ks Lot T B R SR BT R M B

AR AT A S A g T HHIER, (LRI JUE R

Music  Sk—Ewrer T 0 pokiog | ORI S BRUSAOR 2R
Teanslation 5 ﬁéziT%xﬁuﬁigﬁ/&;éiif%mxxﬁﬁy%&i%;zéﬁiéimfé%ﬁéﬁﬁfiiiﬁggi
il smeEmeE  smerer e IR g %ééﬂﬁﬁéﬁ;égmgﬁgggkﬁ@“%W
Disease  JHI 4 %¢“§EEZE&Aﬁzﬂﬁﬁ@ﬁﬁ%ﬁ2ﬂ@m%gﬁﬁggﬁgggéggééfigﬁﬁﬁ%w§
Time OB ARG MR RIS g ao gy 7T USRI MR, W BRIDILS . R

HOKNBAZERTIEM NBAZEHTSEA A NBAFOE —IXLL3E NBAZEH R TLER  HOKNBAZEHTSRAIIBANIERE . HICAPER? M5 ol —

Sports AR Jie SIS SEERIN Erit) WRHFERMPP S ERBA? SR JENBALE Fh o T 1 2

Figure 8: DialogUSR dataset instances in all domains. Punctuations are added in the last column for better
readability.
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Domain

Attraction

TV

Train

Weather

Restaurant

Flight

Movie

Hotel

Computer

Hospital

Courses

Cook

News

App

Navigation

Music

Translation

Mail

Phone

Disease

Time

Sports

Queryl

Recommend fin and cheap
places near Kunshan

Hunan Satellite TV
entertainment program

Tomorrow's train to

Zhengzhou

‘What is the weather in Linyi

Search for nearby western
restaurants

Shanghai to Beijing flights

Recommend a Hong Kong
Film

Search for mid-priced hotels
in High-tech Zone

Recommend a family SUV/

Recommend a gaming
computer

Find a tertiary hospital

Recommend a math remedial
class in the park or Wuzhong
District
How to make braised pig's
feet

Query2

Where is Kunshan Miaofeng
Pagoda

Is there any fanny variety v on Hunan Satelle

show on Hunan Satellite TV

‘What is the latest train number
to Zhengzhou

How is the air quality in Linyi

Which is the closest western
restaurant to me

Buy me the earliest flight from
Shanghai to Beijing

Find a movie starring Stephen
Chow

Which hotel is closest to me in
High-tech Zone

‘Which family SUV sells the
best

‘Which computer is fast for
playing games
I want to see what department
should be referred to for tooth
decay.

‘Which one is the best math ~ Which one is the nearest math

remedial class?

How long will the pig feet
stew

Query3
Navigate to Kunshan
Miaofeng Pagoda
Is there any program hosted
vV

How much is the train fare to
Zhengzhou

‘What is the temperature in
Linyi in the next week

‘Which western restaurant has
the highest score

Buy me the cheapest flight
from Shanghai to Beijing

Search all works of Chow
Yun Fat

What hotels are close to
attractions in High-tech Zone

Find a family SUV that sells
the best in Volkswagen

Is Huawei's Huawei's gaming
laptop good

How much is the cost of tooth

extraction

remedial class to me

Pot or electric cooker for
stewed pork feet

Query4

None

Does Hunan Satellite TV have
any funny movies at 8:00 pm

How many trains are there a
day to Zhengzhou?

Will it rain in Linyi

None

How many flights are there
from Shanghai to Beijing every
day

None

None

None

None

None

Where is braised pork
trotters?

What is the news in Hangzhou ~ News about the epidemic  The latest content of Minsheng News in Hangzhou these days

today

Open the talking tom cat

How canT get to the Drum
Tower

Play blue and white porcelain

How to say I went to Beijing
today in English

Show me new emails

Call Dad

‘What is jaundice

When is Arbor Day?

The Heat's NBA preseason
schedule

situation in Hangzhou today

Talking tom cat, can children
play with it

Which subway line should T
take to the Drum Tower

Is there a female voice version
of blue and white porcelain?

How to say Tiananmen in
English

View all today's emails

Call Mom

How does neonatal jaundice
go away fast

When is Arbor Day in solar
calender?

Is there Curry in the NBA
preseason game

news

Tom Cat imitates drinking
water

How much does it cost to get
to drum tower by subway

Is there a full version of the
original song for blue and
white porcelain?

How to say I am going to the
Forbidden City in English

View starred emails

Text Mom to tell her I'm home

for dinner

Can adults still get jaundice

Search where to plant trees.

Which two teams are the
NBA's last game broadcast

‘Which company developed
the talking tom cat

Navigate to the nearest
subway station in the Drum
Tower

Is there a live concert version
of blue and white porcelain?

What is the route to
Tiananmen

Did Xiao Ming email me
today?

Navigate to the supermarket

How is jaundice caused

Search where to plant trees.

Is the NBA broadcast on on
the Central Five

Query

Recommend fin and cheap places near Kunshan. In addition to this, where
is the Kunshan Miaofeng Pagoda? Navigate to Kunshan Miaofeng Pagoda.

Hunan Satellite TV entertainment program. Are there any funny variety
shows? Is there any program hosted by he Jiong? Are there any funny
movies at 8 pm?

The train to Zhengzhou tomorrow. I would also like to know what time is the
latest train? And how much is the fare? How many trains are there a day?

What is the weather in Linyi? In addition, I would like to know how is the air
quality in Linyi? And what about the temperature in the coming week?
Besides this, will it rain?

Search for nearby western restaurants. Also I would like to know which one
is closest to me? Which has the highest rating.

Flights from Shanghai to Beijing. Buy me the earliest flight. Buy me the
cheapest ticket. How many flights are there in a day?

Recommend a Hong Kong film. Find a movie starring Stephen Chow. And
search all works of chow yun fat.

First search for mid-priced hotels in High-tech Zone. Which is the closest to
me? What are the closest attractions?

Recommend a family SUV. Also I would like to know which one has the
highest sales? I would also like to know where to find a Volkswagen.

Recommend a gaming computer. Which computer is faster for gaming? And
I wonder if Huawei's gaming laptop is good?

First find a tertiary hospital. I would like to see what category should be
associated with tooth decay. Then how much will the tooth extraction cost?

Recommend a math remedial class in the park or Wuzhong District. Which
one is better? Also I would like to know which one is closest to me.

How to make marinated pork feet. How long will it be stewed. Then use a
common pot or an electric cooker. And I want to know where the stewed
pig feet are.

What's the news in Hangzhou today. I also want to know the news about the
epidemic. Besides this, there is the latest content of the people's livelihood
news. The news of these days.

Open the talking tom cat. Another is that children can play. Understand?
Then imitate drinking water. I also want to know which company developed
it?

How can I get to the Drum Tower. In addition, I want to know which
subway line should I take to the Drum Tower. How much will it cost.
Another is to navigate to the nearest subway station.

First, play blue and white porcelain. Is there a female version? I also want to
know if there is a full version of the original song? I would also like to know
if there is a live concert version?

How to say in English when I went to Beijing today. And I want to know
how to say Tiananmen in English? How do you say I'm going to the
Forbidden City in English? What is the route to Tiananmen?

Show me new emails first. Then check out all of today's mail. Also check out
starred mail. And did Xiao Ming send me an email today?

Call Dad. Call mom. Then text my mom to tell her I'm home for dinner.
Navigate to the supermarket.

What is jaundice? In addition to this, there is also how the neonatal jaundice
recedes quickly. And do adults still have jaundice? And I wonder how
Jjaundice is caused?

When is Arbor Day. When is Arbor Day in solar calender? Then search for
where to plant trees. Then navigate to the park where you can plant trees.

The Heat's NBA preseason game schedule. Is there Curry? And which two
teams were in the last game? Then does the NBA broadcast on the Central
Five?

Figure 9: English version of DialogUSR dataset instances in all domains.
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