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ABSTRACT

Voice assistants interrupt people when they pause mid-question, a
frustrating interaction that requires the full repetition of the entire
question again. This impacts all users, but particularly people with
cognitive impairments. In human-human conversation, these situa-
tions are recovered naturally as people understand the words that
were uttered. In this paper we build answer pipelines which parse
incomplete questions and repair them following human recovery
strategies. We evaluated these pipelines on our new corpus, SLUICE.
It contains 21,000 interrupted questions, from LC-QuAD 2.0 and
QALD-9-plus, paired with their underspecified SPARQL queries.
Compared to a system that is given the full question, our best par-
tial understanding pipeline answered only 0.77% fewer questions.
Results show that our pipeline correctly identifies what information
is required to provide an answer but is not yet provided by the in-
complete question. It also accurately identifies where that missing
information belongs in the semantic structure of the question.
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User: EVA, when is the next solar...

EVA: Sorry, I'm not sure about that

User: Eclipse

User: EVA, eclipse

EVA: [Error Sound]

User: EVA, when is the next solar eclipse?

Table 1: An interruption caused by a pause.

1 INTRODUCTION

We all pause mid-sentence during our everyday conversations,
actively trying to conjure the word we have forgotten. These pauses
are so pronounced that in human-human interaction, mid-utterance
pauses are longer on average than gaps between turns [17, 31, 81,
85]. When interacting with voice assistants however, this short
silence can trigger end-of-turn detection early - interrupting and
frustrating the user [42, 60, 63]. Consider the following interaction
between a user and an Everyday Voice Assistant (EVA) in Table 1.

This impacts the experience of all users, but certain user groups
are impacted more than others - often the people that can benefit the
most from voice assistants [2]. For example, people with dementia
pause more frequently mid-utterance as they try to remember the
next word [15, 82]. With national dementia charities promoting the
use of voice assistants [23, 35, 56, 69], industry promoting HIPAA-
compliant healthcare skills with senior living providers [16, 43],
and voice assistant features released specifically for people with
dementia [26, 74], we argue this presents a valuable opportunity
to work on voice accessibility. Not only will this assist people with
cognitive impairments and their families, the solution extends to
benefit all users.

Spoken language unfolds over time. Our interlocutors process
each token as it is uttered, maintaining a partial representation of
what has been said [44, 52, 55]. That is, we understand the words
that were already said if someone pauses mid-sentence. To avoid
waiting indefinitely while a conversation partner is pausing, hu-
mans either prompt the turn-holder to continue (often using a sluice
[34, 37]) to collaboratively complete the question [70] as shown in
Table 2, or suggest sentence completions themselves (referred to
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User: EVA, Is Alex Rodriguez dating...
EVA: Sorry, I didn’t catch that. Dating who?
User: Jennifer Lopez
EVA: Yes, they are currently dating.
Table 2: Collaborative completion from understanding.

User: EVA, when is the next solar...

The next solar eclipse is on the 20th
April 2023

Table 3: Prediction of question completion.

EVA:

as cross-person compound contributions or gap-fillers [40, 41, 71])
shown in Table 3. In this paper, we implement both approaches
to answer people’s interrupted questions. We therefore consider
Knowledge Base Question Answering (KBQA), where a semantic
parser is used to convert questions into an executable meaning
representation over some given knowledge. For example, a system
may be asked to answer “What is the population of Portugal?” when
given Wikipedia as a knowledge base.

We hypothesise that although the example in Table 3 is more
time-efficient when the completion is correct, the prediction will
often be an arbitrary guess (completing “Who wrote..” for example)
and risks further frustrating the user without correctly answering
many interrupted questions. We also hypothesise that by adding
just one additional turn in an interaction, we would be able to an-
swer most interrupted questions. In order to determine whether
these hypotheses are true, we need a corpus of incomplete ques-
tions and their underspecified meaning representations. The chosen
meaning representation language (MRL) must therefore be able to
handle: incrementality, allowing structurally incomplete meanings
to be established over time; and conjunction, enabling the seman-
tic representation of both the incomplete utterance and follow-up
completion to be consolidated into the representation of the full
question. As a suitable corpus does not exist, we must be able to
align question text with its semantic structure to ‘interrupt’ ques-
tions in an existing KBQA corpus.

In this work we introduce the task of understanding and an-
swering incomplete questions, and present a new corpus of 21,000
interrupted questions paired with their underspecified meaning
representations. We introduce four interruption recovery pipelines
based upon human repair strategies, and release the corpus to en-
courage further improvements over the proposed pipelines. We
show that automatic completion of the question is not viable, while
collaborative completion successfully repairs and answers most
questions with only one additional turn. Currently a user has to
repeat their entire question again, so this one additional turn avoids
frustration by enabling a more naturally interactive user experience
inspired by human-human conversation.

2 RELATED WORK

RDF [49, 53] is often used as a semantic parsing MRL [11, 86] to
describe knowledge graphs with triple statements (for example:

“Tuvalu”, “part of”, “Polynesia”). See Figure 1 for an illustration of
two triples. There are huge RDF resources for linguistics [20, 57, 62],
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Figure 1: An example illustration of RDF [78].

more generally [12, 58, 61], and work already exists exploiting RDFs
underspecification and conjunction properties for incremental se-
mantic parsing [3]. Unfortunately, corpora that contain text/RDF
pairs do not contain questions [4, 36, 86] and are therefore not fit
for our domain. SPARQL [67, 68] is the standard RDF query lan-
guage, similar to SQL, and is consequently more suited to represent
questions. As SPARQL clauses directly contain RDF statements,
our required underspecification and conjunction properties are pre-
served. Some target knowledge base (KB) is necessary however,
so questions can not be represented if their constituents are not
present in the KBs ontology. For example when asked “What is the
CBI expansion rate of Kingstown?”, there must be some RDF prop-
erty to represent “CBI expansion rate” in the target KBs ontology.
In order to measure how effective an interrupted recovery pipeline
is, we must be able to determine whether the question is ultimately
answered correctly. Using SPARQL over a target KB, we can easily
return question’s answers and even use the KBs ontology to inform
our response generation (see Section 5.1).

Freebase [14] popularised SPARQL semantic parsing [13, 92]
with many corpora targeting it [38, 46, 83]. Google eventually shut
down Freebase [64, 79] to integrate its knowledge with Wikidata
[89]. Both Wikidata and DBpedia [5] are the central open-domain
KBs updated live today, and both are used to create KBQA corpora
[6, 18, 30, 65]. DBpedia is updated automatically by live-extraction
from Wikipedia [50, 59], whereas Wikidata is collaboratively edited
by its community [90]. In fact, Wikipedia now incorporates content
from Wikidata on almost every page in every language [32]. This
can only be achieved by administering a cohesive and controlled on-
tology. In DBpedia however, India and Ireland are attached to their
populations with different predicates [1]. This would negatively
impact a model’s performance as it would have to guess one of
many predicates. We selected LC-QuAD 2.0 [30] and QALD-9-plus
[65] with Wikidata as the target KB for this reason.

The second Largescale Complex Question Answering Dataset
(LC-QuAD 2.0) contains 30,000 questions with their corresponding
SPARQL queries targeting Wikidata for KBQA [66]. In addition to
standard questions, LC-QuAD 2.0 incorporates multi-fact questions,
temporal questions, questions that utilise qualifiers, and questions
that contain dual user intents. Recent work [10] posed their T5-
based model as the new state-of-the-art on LC-QuAD 2.0, although
it actually addresses a different, much simpler task. They provide
their model with each specific question’s gold Wikidata entities
and properties as input, transforming this complex task into a jig-
saw puzzle. In other work [94], the authors correctly identify that
LC-QuAD 2.0 contains various mistakes, but they then describe cor-
recting the mistakes. They evaluated their model on their cleaned
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test set which make their results incomparable. They did not release
their model, code, or cleaned corpus to enable any comparison. Con-
trarily, the authors of a DeepPavlov model [33] released their work
in 2020 with full documentation to re-implement their approach.
Using the trained model provided by the authors, we evaluated it
with the same local copy of Wikidata used in the paper, and with
Wikidata’s online APL We could not recreate their results’. In addi-
tion, their model exploits the templative generation of LC-QuAD
2.0 so much that the performance drops dramatically when asked
natural questions. This includes the paraphrased questions that
are present in the corpus itself. The leading sequence-to-sequence
(seq2seq) model is EIneuQA [28].

3 GENERATING SLUICE - A CORPUS OF
INTERRUPTED QUESTIONS

LC-QuAD 2.0 was created using a templative generation approach
with 22 templates, populated with over 22,500 Wikidata entities and
predicates. Each question in LC-QuAD 2.0 was also paraphrased
using crowdsourcing, which we utilise below to increase the size
of our corpus. This templative generation facilitates its large size,
but does often generate questions that would not likely ever be
asked by a human. For example: “What is the MIA constituent
ID for Johannes Gutenberg?”. This has the potential to bias our
final evaluation results as our model to predict question comple-
tions, pre-trained on human language, will be tasked to complete
a question never asked by a human. We therefore also selected
a corpus of real human-asked questions that is not large enough
to assist training, but can serve as an additional test set unbiased
against the prediction pipelines. QALD-9-plus contains 500 ques-
tions manually created and translated by humans into eight other
languages. We will only be using the English questions, paired with
their corresponding Wikidata SPARQL queries.

All of the questions in both LC-QuAD 2.0 and QALD-9-plus
are complete questions that can be answered directly. In order to
investigate recovery strategies when a voice assistant interrupts a
user’s question, we must artificially ‘chop’ these complete questions.
We considered splitting the questions at random, but found that
mid-utterance pauses usually precede named entities due to word-
finding problems [22, 80, 82]. Apple used this linguistic observation
to improve their entity recognition on user data in English and
French [27]. We therefore decided to use Named Entity Recognition
(NER) to identify questions that end with named entities, ‘chopping’
the question where the user is most likely to pause. This location
also ensures that a full semantic recovery is possible. Pauses before
named entities earlier in the question would be un-recoverable, for
example, “EVA, in”.

Wikidata entities are linked to their human readable labels in
various languages including English. If spaCy NER [39] identified
a question ending with a named entity, we compared the NER
tagged text with the English label of each Wikidata entity in the
corresponding SPARQL query. When the NER tagged text and en-
tity label matched?, they were ‘chopped’ accordingly. In a similar

1We contacted the authors about failing to reproduce their results. They said they are
planning to address this in the future.

2If the strings had a similarity ratio above 0.7, using Levenshtein Distance, they were
considered a match. We tweaked this similarity ratio by manually checking the quality
of the additional questions generated with lower values.
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Method Relevant SPARQL Triple Property and Label

Original {?ans1 wdt:P30 wd:Q46} wdt:P30 - continent
CM-Simple {?ansl wdt:P30 ?unknown}  wdt:P30 - continent
CM-Super  {?ansl wdt:P706 2unknown} wdt:P706 - located in

Table 4: Comparison of the two question chopping methods
transforming “What is the smallest mountain in Europe?”
into “What is the smallest mountain in”. Note - wd:Q46 has
the label “Europe”.

process used to handle incomplete instructions in robotics [19],
we took advantage of underspecification in SPARQL to indicate
incompleteness with a variable (we used “?unknown”). With all of
this in mind, we designed two chopping methods: (1) removing the
NER tagged text from the question, and replacing the correspond-
ing entity with a SPARQL variable; and (2) carrying out chopping
method (1), and then in the case that the chopped entity is the
object of the triple (where a triple follows the pattern: subject, pred-
icate, object), replacing the predicate property with its superclass
in Wikidata’s ontology. This second method generalises the MRL
when an entity is removed. For example, when asked “What is the
highest mountain in Europe?”, the answer is connected to “Europe”
with the “continent” predicate. The interrupted question “What is
the smallest mountain in” could be completed with “Egypt” how-
ever, which is not a continent. By replacing “continent” with its
superclass “located in/on”, we expand the scope of the MRL to al-
low more completions. We illustrate this difference in Table 4, and
hereafter refer to Chopping Methods (1) and (2) as CM-Simple and
CM-Super respectively.

As mentioned in Section 3, LC-QuAD 2.0 has been paraphrased
- which we can use to double the number of questions with gold
SPARQL queries. For example, the generated question “What was
the population of Somalia in 2009?” was paraphrased to “As of 2009,
how many people lived in Somalia?” and both have the exact same
meaning representation. We can therefore chop this question twice,
one underspecifying the time-constraint (“What was the population
of Somalia in”), and the other underspecifying the location (“As
of 2009, how many people lived in”). There were some additional
queries that could be ‘chopped’ relatively easily, but that did not
end with named entities. These were questions that ended with
filter constraints. For example, “What German dog breed contains
the word Weimaraner in its name?” and “What is the art form that
begins with the letter s?”. When questions fit this structure, we
underspecified the filter in both the question and the SPARQL query.
We repeated the above steps to interrupt human-asked questions
found in QALD-9-plus.

With the above complete, we present SLUICE: SPARQL for Learn-
ing and Understanding Interrupted Customer Enquiries. SLUICE
contains 21,000 artificially interrupted questions with their under-
specified SPARQL queries. A more detailed breakdown can be found
in Table 5°.

3For reproducibility and future research, SLUICE and a guide on how to expand our
approach to other corpora with different KBs and graph MRLs can be found here:
https://github.com/AddleseeHQ/SLUICE
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Source Corpus Train Test Total
LC-QuAD 2.0 16,650 4,153 20,803
QALD-9-plus NA 197 197

Total (SLUICE) 16,650 4,350 21,000

Table 5: SLUICE train and test set statistics.

4 BASELINES

We need to establish a suitable KBQA baseline to evaluate the
performance of our interruption recovery strategies against. We
expect this baseline to take a question as input, send a generated
SPARQL query to Wikidata, and return the response.

It has been shown that enabling the use of pointer networks [88]
to “copy” entity and relation mentions is crucial to achieve state-
of-the-art KBQA performance [77]. To follow suit, we trained our
model to output SPARQL queries containing pointers when given a
text question. Inspired by an architecture designed for task-oriented
semantic parsing [76], we trained an attentive seq2seq model [7]
with a pretrained RoBERTa encoder [51], and transformer decoder
[87]. Our model was trained with Adam [47] on a P3 AWS ma-
chine. The pointers output by our semantic parser must be resolved
into their corresponding Wikidata IDs, requiring entity linking.
We utilised features of the RDF triplestore in which Wikidata is
contained for entity linking. Wikidata’s query service runs on Blaze-
graph? which supports a full text indexing (FTI) and search facility
powered by Apache Solr®. We used this to build an FTI across the
entirety of Wikidata, enabling configurable matching on tokenized
RDF literals (strings, numbers, and dates) with the ‘bds’ vocabu-
lary. When multiple entities match with the exact same score, we
rank the results by sitelinks - the number of links on the entity’s
Wikipedia page. An example can be seen in Listing 1. Once the
entity linker has fully resolved the SPARQL query, it can be used to
query Wikidata for an answer. This system is illustrated in Figure
2.

SELECT ?qcode ?score ?num

WHERE {

?0 bds:search "Paris" ;
bds:minRelevance "0.7" ;
bds:relevance ?score .

?7qcode rdfs:label 7?0 ;
wikibase:sitelinks ?num .

FILTER(langMatches(lang(?0), "EN"))

}
ORDER BY DESC(?score) DESC(?num)

Listing 1: SPARQL query using Blazegraph’s FTI to search for
entities labeled “Paris” in English with a minimum score of
0.7 - ranked by score and sitelinks. This returns the correct
Wikidata entity identifier for the city Paris: Q90.

“https://github.com/blazegraph/database
Shttps://solr.apache.org/
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Who was the father of Queen Elizabeth II?

.

Parser

1

select ?ans where wd: "Queen Elizabeth II" wdt: "father" ?ans

Linker

1

select ?ans where wd:Q9682 wdt:P22 ?ans

Wikidata

!

Q280856: George VI

Figure 2: The full answer pipeline when asked “Who was the
father of Queen Elizabeth II?”.

In Table 6, we compare the open source DeepPavlov with our
baseline on both the original LC-QuAD 2.0 corpus and the para-
phrased version. Despite not being able to reproduce the results
reported by Evseev and Arkhipov [33], the DeepPavlov model’s
exploitation of the corpus’s template generation leads to a large
performance drop when asked non-templative questions. SLUICE
utilises these paraphrased questions, and questions from QALD-
9-plus that are not generated from the 22 templates used in LC-
QuAD 2.0, so DeepPavlov is an unsuitable baseline. We also report
the results of the state-of-the-art sequence-to-sequence model by
Diomedi and Hogan [28], which we outperform by a large margin.
We therefore selected our model as the foundation of our partial
understanding pipelines below.

5 ANSWERING INTERRUPTED QUESTIONS

As discussed in Section 1, people recover from mid-utterance pauses
in dialogue by either: (1) using their partial understanding to initiate
collaborative completion; or (2) predicting the end of their inter-
locutor’s sentence. We have implemented both human-inspired
approaches for evaluation.

5.1 Collaborative Completion Pipeline

To illustrate our desired interaction with the user, a simple example
from SLUICE is shown in Table 7.

We started building a pipeline to support this interaction by
retraining our top-performing baseline on SLUICE, expecting the
model to output a SPARQL query that not only identifies the vari-
able that represents the answer to the user’s question, but also the
variable that represents what knowledge is underspecified and still
required to answer the question. The pointers were then resolved
into their Wikidata identifiers using the FTI linker shown in Listing
1. This resolved SPARQL query will not return the correct answer,
due to the “?unknown” variable, so we elicit a follow-up response
from the user.

In order to generate the “who?” response in Table 7, we use
the underspecified SPARQL query and the ontology of Wikidata
itself. As described in Section 2, we targeted Wikidata over DBpedia
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Model LC-QuAD 2.0 Answer % Paraphrase Answer % Macro F1
DeepPavlov 56.30" (34.11) (22.87) -
Our Baseline 50.33 42.25 32.99
EIneuQA - - 26.90

Table 6: Comparison of potential baseline models on the LC-QuAD 2.0 corpus, and the paraphrased LC-QuAD 2.0 questions.
*We tried but could not recreate this result, our result is the number in brackets.

User: EVA, who was the father of...

EVA: Sorry, I didn’t catch all of that. Of who?
User: Queen Elizabeth II

George VI was the father of Queen
Elizabeth II

Table 7: An ideal interaction with a user.

EVA:

because of its more cohesive and controlled ontology. You cannot
claim that the ‘father’ of a human is a caravan, for example, as
Wikidata’s ontology will not allow it. There are class constraints
on what entity types the predicate ‘father’ can link to, and we can
therefore ask Wikidata what class the “?unknown” variable must be.
In Figure 2 we illustrate the resolved SPARQL query representing
the question “Who was the father of Queen Elizabeth II?”. Our
model trained on SLUICE outputs the underspecified query when
asked “Who was the father of”: SELECT %ans WHERE {?unknown
wdt:P22 7ans .}. You can see the “?unknown” variable is the subject
of the predicate “P22” - father. We can ask Wikidata what class this
variable is with the SPARQL query shown in Listing 2.

SELECT ?constraint WHERE {
wd:P22 p:P2302 _:bl.
_:bl ps:P2302 wd:Q21503250;
pq:P2308 ?constraint.
}

Listing 2: SPARQL query returning the type constraints
for Wikidata property P22 - father. This returns Q5 - hu-
man (amongst others e.g. “fictional character”). The term
“wd:Q21503250” can be replaced by “wd:Q21510865” when
the “?unknown” variable is the object of the predicate and
Wikidata’s value-type constraints are required. Some vari-
ables in this query have no human-readable label (e.g. b1) as
we are querying constraints in Wikidata’s structure.

In order to respond more intelligently, we must ‘learn’ which
constraints generate which responses. For example, responding:
(1) “painted what?” When asked “Who painted”, (2) “in where?”
When asked “What is the smallest mountain in”, and (3) “dating
who?” When asked “Is Alex Rodriguez dating”. We made use of
SLUICEs metadata to do this, as we stored the NER tag that the
chopped entity was assigned during the corpus’s generation. There
are only 12 of these tags, so we manually labelled each of these
tags with the appropriate response if it was missing. To continue
the above examples, we labeled (1) ‘WORK OF ART’ with ‘what’,
(2) ‘GPE’ with ‘where’, and (3) PERSON’ with ‘who’ - as these
are the appropriate responses when that type of entity is missing.
We then ran the queries in Listing 2 to return Wikidata’s class

Who was the father of

|

Parser and Linker

1

select ?ans where ?unknown wdt:P22 ?ans

Response Generator

!

Output:Sorry, of who?,
Input:Queen Elizabeth II

!

Linker and Conjoin

1

select ?ans where wd:Q9682 wdt:P22 ?ans

Wikidata

!

Q280856: George VI

Figure 3: The interrupted question recovery pipeline when
asked “Who was the father of”. The response generation
elicits the question completion from the user, which is con-
joined with the parser’s underspecified SPARQL query with
the Blazegraph FTI linker.

constraints and matched them with the label that the NER tag
was assigned. Due to NER errors, some classes were labeled with
multiple appropriate responses (for example, Q5 - ‘human’ was
attached to ‘where’ a few times). To tackle this, we only assigned
constraints to appropriate responses if they matched at least five
times. We additionally matched a class’s superclass to the same
response in order to guide our responses even if an unseen class
constraint was returned. For example, ‘human’ is a subclass of
‘person’ so our pipeline will still respond ‘who’ if a new subclass of
‘person’ is returned in future. This process lets us create a dictionary
of class constraints and their corresponding responses, which have
an agreement rate of 70% with the NER tag responses (100% is not
possible due to NER errors).

With the response generation above, and the Blazegraph FTI
entity linker described in Section 4, we can now handle interrupted
questions as desired. In Figure 3 we depict this pipeline for clarity.
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5.2 Predicting Question Completions

Considering the example “When is the next solar”, it is clear that
predicting the completion of a question could improve a voice as-
sistants’s user experience. We therefore evaluated two T5 language
models [72] against our partial understanding pipelines as a state-
of-the-art comparison [21, 45, 54]. It is possible to fine-tune T5 with
domain-specific examples, and with new task contexts. For example,
you can send text to T5 with the “translate English to German”
context, “summarize” context, or “answer” context when the text
is a question. We found a T5-base model fine-tuned on a question
answering corpus [75] that could be easily utilised through Hug-
ging Face [91]. This model was fine-tuned on SQuAD v1.1 [73],
a machine comprehension corpus containing over 100,000 ques-
tion/answer pairs posed by crowdworkers on Wikipedia articles.
We passed every question in SLUICE’s test set through this model
for completion prediction with the “question” context. Addition-
ally, Using SLUICE’s training set and a new task context “complete
the question”, we fine-tuned our own T5-base model specifically
tailored to completing interrupted questions. Five examples were
randomly selected, and you can see this model’s predictions in
Table 8. The T5 model fine-tuned on SQuAD v1.1 predicted that
examples 2 and 5 (in Table 8) were already complete, predicted “the
book”, and “the girl” for examples 3 and 4 respectively, and rewrote
example 1 - providing no additional information. It is clear that our
T5 model fine-tuned on SLUICE generates realistic context-aware
completions (e.g. predicts a comic in example 5). It does appear that
although the predictions make sense, they are still just guesses and
are therefore incorrect.

6 FINAL EVALUATION

When a user’s question is interrupted by a voice assistant, their
ultimate goal is to have their question answered. We therefore con-
sider the % of questions answered correctly as the central metric to
decide which approach maximises benefit to the user. We evaluated
four recovery strategies, and compared their performance to the
top-performing baseline when it is given the original full question.
In Table 9 we present results for the following answer pipelines:

o The top-performing baseline (given full questions): To determine
the effectiveness of our interruption recovery strategies, our
baseline model was evaluated using the original, un-interrupted,
questions in SLUICE.

o Partial CM-Simple: The pipeline in Figure 3 trained on the CM-
Simple version of SLUICE.

o Partial CM-Super: The pipeline in Figure 3 trained on the CM-
Super version of SLUICE.

e T5 SQuAD: The top-performing baseline answering questions
completed by T5 fine-tuned on SQuAd v1.1.

o T5 SLUICE: The top-performing baseline answering questions
completed by T5 fine-tuned on SLUICE.

The two T5 prediction models perform poorly compared to the
partial understanding approaches, with the model fine-tuned on
SLUICE outperforming the SQuAD v1.1 model. From the sample of
predictions in Table 8, and a wider manual inspection, we expect this
poor performance is caused by arbitrary guesses (e.g. completing
“Who wrote”). As discussed in Section 3, the T5 prediction models,
pretrained on human language, could be punished when asked
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questions originating from LC-QuAD as they were not asked by
humans. If the T5 models outperformed the partial understanding
models on the 197 human-asked questions, we could determine that
the results were indeed biased. However, this is not the case. The
T5 models also perform poorly in the “Answer:Human” column in
Table 9.

The partial CM-Super pipeline is outperformed by the partial
CM-Simple pipeline across all metrics. Although the CM-Super
chopping method seems logical (see Table 4), this is not often the
case to a machine. The pointer mechanism in particular identifies
tokens in the input question to be resolved by the linker. By replac-
ing properties with their superclass, pointers are no longer resolved
to the correct property in the query, and we expect this is the reason
for the reduced performance.

The partial CM-Simple pipeline is the best of our interruption
recovery pipelines - answering only 0.77% fewer questions correctly
than the baseline given complete questions. To emphasise this re-
markable result, the parser within the partial CM-Simple pipeline
must generate a valid SPARQL query identifying not only the an-
swer variable, but the “?unknown” variable representing what the
model does not yet know. The correct answer is only provided if the
parser accurately identifies where this unknown variable is located
within the query structure, attaches it to the right property, and
the linker returns the exact Wikidada ID. In contrast, the baseline
is given all information as input.

The SPARQL Exact Match score is a strict metric, with a literal
interpretation of exact. If the triple is reversed (e.g. “x dates y’ instead
of ‘y dates x’) or even if all the triples are correct in the query, just
in the wrong order - the queries are not considered a match. This
explains how the T5 SQuAD model answered 11.3% of questions
correctly with zero exact query matches, and how the partial CM-
Simple model achieved the highest SPARQL exact match score
without the highest answer score.

7 CONCLUSION AND FUTURE WORK

In this paper we presented four interruption recovery pipelines,
based on human recovery strategies, and evaluated these against a
SotA-level baseline given fully completed questions. These incom-
plete questions (e.g. “Who wrote”) can not currently be answered
by today’s voice assistants without full repetition of the entire ques-
tion. This is not a natural interaction, frustrates users, and severely
impacts the accessibility of voice assistants for people with cogni-
tive impairments. We found that predicting question completions
would likely frustrate the user further, often resorting to arbitrary
guesses. In contrast, we found that understanding what was said
by the user and collaboratively completing the question did benefit
the user. This pipeline only answered 0.77% fewer questions than a
state-of-the-art baseline given the full question as input.

No suitable dataset existed to train or evaluate models for this
task. We therefore created SLUICE - a corpus of 21,000 interrupted
questions and their underspecified SPARQL queries. We experi-
mented with two generation methods to create SLUICE, and will
release the CM-Simple version as it outperformed CM-Super across
all metrics. Alongside the corpus, we will release a guide on how
to extend our question interruption approach to other corpora. In
this paper we have shown that interruption recovery is possible
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Ex Interrupted Question Original T5 SLUICE
1 Franz Waxman won what award at the 23rd  Academy Awards Academy Awards
2 In what area does the Rideau Canal join the Ottawa River  the Ottawa River
3 Who wrote Harry Potter The Great Gatsby
4 Who was the father of Queen ElizabethII ~ Sigmund Freud
5 Who created the comic Captain America X-Men

Table 8: Comparison of the original question completions, and our T5 model fine-tuned on SLUICE.

Answer Pipeline

SPARQL Exact Match Answer Answer Delta Answer:Human

Top-performing Baseline

. . 28.59 46.40 - 30.96
(given full questions)

Partial CM-Simple 33.65 45.63 0.77 25.38

Partial CM-Super 29.86 42.01 4.39 23.35

T5 SQuAD 0.00 11.30 35.10 15.74

T5 SLUICE 1.08 15.45 30.95 18.27

Table 9: Final evaluation results on the SLUICE test set. SPARQL Exact Match: % of SPARQL queries that exactly match the
reference, Answer: % of questions answered correctly, Answer Delta: the difference between the % of questions answered by the
top-performing baseline (given the full question) and the recovery pipeline, and Answer:Human: the Answer metric but only
on the human-asked questions (originally from QALD-9-plus) in the SLUICE test set.

and worthwhile with remarkable results, so this guide will allow
future research to generate even larger interrupted corpora. People
commonly pause before named entities in other languages, like
French [27], so our approach could also be applied to generate a
multilingual corpus.

In order to apply our findings in practice, we would have to
reliably identify incomplete questions from the user. A classifier
could be trained to do this, or our recovery system could be invoked
as a fallback when the question cannot be answered with a high
confidence. Accessibility settings, in Siri for example [84], allow
users to modify how long a voice assistant waits until it decides that
a sentence is complete. This is a wonderful temporary solution for
people with more progressed cognitive impairment, but it is not nat-
urally interactive. As mentioned, we all forget words mid-sentence,
but this is more common as conditions like dementia or mild cogni-
tive impairment (MCI) progress [2]. People with dementia or MCI
do not pause in the middle of all sentences, however, so waiting
for long durations between every turn would be frustrating. Our
more sophisticated and human-inspired approach improves system
accessibility without sacrificing system naturalness or fluidity.

SPARQL is a KBQA-specific MRL requiring relations in a question
to be represented by the target KBs ontology. In order to parse
interrupted utterances more generally, we do not need to use a
representation that is directly executable for an answer. Abstract
Meaning Representation (AMR) [8, 9] can represent all sentences
as labeled graphs, taking all words into account in a reasonably
consistent manner [9]. Previous work on incremental AMR parsing
has exploited its underspecification and conjunction properties [25],
and AMR corpora do contain natural language questions [24, 48].
We plan to use recently released alignments between text/ AMR
pairs [29, 93] to interrupt sentence/AMR pairs and explore what
types of semantic information are particularly easy or difficult to
recover using a similar approach.
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