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Introduction

Language is the primary and most natural
means of communication for humans. The
learning curve of interacting with various ser-
vices (e.g., digital assistants, and smart ap-
pliances) would be greatly reduced if we could
talk to machines using human language. How-
ever, in most cases computers can only inter-
pret and execute formal languages.

The research goal of my dissertation is to use
neural models to build natural language in-
terfaces which learn to map naturally worded
expressions onto machine-interpretable rep-
resentations. The task is challenging due
to (1) structural mismatches between natural
language and formal language, (2) the well-
formedness of output representations, (3) lack
of uncertainty information and interpretability,
and (4) the model coverage for language vari-
ations. In this dissertation, we develop several
flexible neural architectures to address these
challenges.

The dissertation presents a framework based
on encoder-decoder neural networks for nat-
ural language interfaces. Beyond sequence
modeling, we propose a tree decoder to utilize
the compositional nature and well-formedness
of meaning representations, which recursively
generates hierarchical structures in a top-
down manner. To model meaning at differ-
ent granularity levels, we present a structure-
aware neural architecture which decodes se-
mantic representations following a coarse-to-
fine procedure.

The proposed neural models remain difficult to
interpret, acting in most cases as a black box.
We explore ways to estimate and interpret the
model’s confidence in its predictions, which
we argue can provide users with immediate
and meaningful feedback regarding uncertain
outputs. We estimate confidence scores that
indicate whether model predictions are likely
to be correct. Moreover, we identify which
parts of the input contribute to uncertain pre-
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Figure 1: The goal of natural language interfaces
is allowing users to interact with computers in hu-
man language. As shown by the example from the
GEO dataset (Zelle & Mooney, 1996; Zettlemoyer
& Collins, 2005), the model maps the input ques-
tion to the λ-calculus meaning representation, and
then execute it over the database to obtain the an-
swer.

dictions allowing users to interpret their model.

Model coverage is one of the major reasons
resulting in uncertainty of natural language in-
terfaces. Therefore, we develop a general
framework to handle the many different ways
natural language expresses the same infor-
mation need. We leverage external resources
to generate felicitous paraphrases for the in-
put, and then feed them to a neural para-
phrase scoring model which assigns higher
weights to linguistic expressions most likely to
yield correct answers. The model components
are trained end-to-end using supervision sig-
nals provided by the target task.

Experimental results show that the proposed
neural models can be easily ported across
tasks. Moreover, the robustness of natural lan-
guage interfaces can be enhanced by consid-
ering the output well-formedness, confidence
modeling, and improving model coverage.

Neural Semantic Parsing

Semantic parsing is the task of translating
text to a formal meaning representation such
as logical forms or structured queries, which
is one of the core components of natural
language interfaces (as shown in Figure 1).
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Figure 2: Input utterances and their logical forms
are encoded and decoded with neural networks.
An attention layer is used to learn soft alignments.

There has recently been a surge of interest in
developing machine learning methods for se-
mantic parsing, due in part to the availability of
corpora containing utterances annotated with
formal meaning representations. In order to
predict the correct logical form for a given ut-
terance, most previous systems rely on pre-
defined templates and manually designed fea-
tures, which often render the parsing model
domain- or representation-specific.

In the dissertation, we aim to use a portable
method to bridge the gap between natural
language and logical form with minimal do-
main and linguistic knowledge (Dong & La-
pata, 2016). The proposed framework (as
shown in Figure 2) is portable as the mod-
els can be end-to-end trained by giving an-
notated data, namely, natural language utter-
ances paired with their meaning representa-
tions. So we can easily adapt the models to
different applications with minimal efforts. The
structural gap between inputs and outputs is
bridged by neural encoder-decoder networks
augmented with attention mechanisms.

Constrained Decoding

After obtaining the output meaning represen-
tations from natural language interfaces, we
usually need to execute them to obtain user in-
tentions. Because the downstream executors
only accept grammatical programs, it is ben-
eficial to explicitly model the structure of pre-
dictions. The structural information of the out-
put should be taken into consideration so that
the models can generate well-formed meaning
representations.

The fact that meaning representations are typ-
ically structured objects prompts efforts to de-
velop neural architectures which explicitly ac-
count for their structure. In order to guarantee
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Figure 3: Sequence-to-tree model (Dong & Lap-
ata, 2016) with a hierarchical tree decoder.

the well-formedness of the output we explicitly
model the hierarchical and compositional na-
ture of meaning representations, and thus de-
velop a sequence-to-tree model (Dong & Lap-
ata, 2016), and a coarse-to-fine decoding al-
gorithm (Dong & Lapata, 2018).

In the first solution, the proposed tree decoder
defines a placeholder to indicate nontermi-
nal nodes as shown in Figure 3. Tree struc-
tures are recursively generated in a top-down,
and left-to-right manner. The explicit modeling
of hierarchical structures constrains results in
the space of well-formed trees. In other words,
ill-formed logical forms can be pruned from the
candidate set. In order to model meaning at
different levels of granularity, the second so-
lution uses a structure-aware neural architec-
ture to decode semantic representations from
coarse to fine. The coarse meaning decoder
first generates a rough sketch of the mean-
ing representation, which omits low-level de-
tails, such as arguments and variable names.
Then, the fine meaning decoder fills in missing
details by conditioning on the input utterance
and the sketch itself.

Confidence Modeling

Neural semantic parsing models map natu-
ral language text to a formal meaning repre-
sentation (e.g., logical forms or SQL queries).
However, despite achieving promising results,
the neural semantic parsers remain difficult
to interpret, acting in most cases as a black
box, not providing any information about what
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made them arrive at a particular decision. My
dissertation explores ways to estimate and in-
terpret the model’s confidence in its predic-
tions, which we argue can provide users with
immediate and meaningful feedback regard-
ing uncertain outputs (Dong, Quirk, & Lapata,
2018).

An explicit framework for confidence modeling
would benefit the development cycle of neu-
ral semantic parsers which, contrary to more
traditional methods, do not make use of lexi-
cons or templates and as a result the sources
of errors and inconsistencies are difficult to
trace. Moreover, from the perspective of ap-
plication, semantic parsing is often used to
build natural language interfaces, such as di-
alogue systems. In this case it is important
to know whether the system understands the
input queries with high confidence in order to
make decisions more reliably. For example,
knowing that some of the predictions are un-
certain would allow the system to generate
clarification questions, prompting users to ver-
ify the results before triggering unwanted ac-
tions. In addition, the training data used for se-
mantic parsing can be small and noisy, and as
a result, models do indeed produce uncertain
outputs, which we would like our framework to
identify.

We categorize the causes of uncertainty into
three types, namely model uncertainty, data
uncertainty, and input uncertainty and de-
sign different metrics to characterize them.
Furthermore, we propose a method based
on backpropagation which allows to interpret
model behavior by identifying which parts of
the input contribute to uncertain predictions.

Query Paraphrasing

One of the challenges to build a robust natu-
ral language interface is model coverage. Due
to the limited size of training data, it is chal-
lenging to handle the many different ways nat-
ural language expresses the same informa-
tion need. As a result, small variations in se-
mantically equivalent inputs may yield differ-
ent results. For example, a hypothetical natu-
ral language interface must recognize that the
questions “who created microsoft” and “who
started microsoft” have the same meaning
and that they both convey the founder re-
lation in order to obtain the correct answer

from a knowledge base. Moreover, one of the
main causes of uncertainty is defined as data
uncertainty, namely, uncertainty of predictions
affected by the coverage of training data. If
the pattern of input is unseen by the model
on training data, it is difficult to predict reliable
outputs. We leverage external resources to
rewrite the natural language input during both
training and test, so that model coverage can
be increased by augmenting the original ex-
pression with its variations (Dong, Mallinson,
Reddy, & Lapata, 2017).

Next Steps

This dissertation focuses on a single domain,
and were trained on English utterances paired
with their meaning representations. It is worth
studying and exploring how to improve the
proposed models’ scalability in terms of sup-
porting many different domains, languages,
and supervision signals:

• Cross-Domain Sharing. For real-world ap-
plications (such as voice assistants), a sys-
tem usually needs to handle many different
domains. It is helpful to transfer and share
knowledge across domains and meaning
representations, especially when the data
size of each domain is not large enough.
We can share the common operators, predi-
cates, and composition structures for similar
examples.

• Zero/Few-Shot Learning. The training
data size for a new domain is often small
or even non-existent. It is valuable to con-
duct few-shot or zero-shot learning for a
cold start, so that the model can be quickly
adapted to a new similar domain.

• Data Collection. Model performance can
usually be improved if more annotated data
is fed to the model. However, sometimes
it is difficult to directly annotate meaning
representations for ordinary users. A new
paradigm of training data collection is critical
for the acceleration of model deployment.

• Weakly Supervised Learning. The models
presented in this dissertation were trained
on natural language utterances paired with
their meaning representations. Given
the data paucity of such parallel corpora,
we can learn models from weak supervi-
sion signals (e.g., question-answer pairs),
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which would reduce the annotation burden.
Weakly supervised learning also provides a
way to utilize online user feedback.

• Multilingual Semantic Parsing. Natural
language interfaces should accept multiple
languages, so users from different world re-
gions can freely use their native language.
A typical problem is that for some languages
there is less data compared to others, which
inevitably results in inferior semantic parsing
performance.

• Multi-Turn Interactions. Sometimes users
express their intentions in multiple utter-
ances or update the requests according to
the system responses. Users often tend to
omit information which has been expressed
in the conversation history. So the predic-
tion should be conditioned on the current ut-
terance as well as the interaction history.
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