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Abstract
Semantic parsing maps natural language utterances to logical form representations

of meaning (e.g., lambda calculus or SQL). A semantic parser functions as a human-

computer interface by translating natural language into machine-readable logic to

answer questions or respond to requests. Semantic parsing is a critical technology within

language understanding systems (e.g., digital assistants) for accessing computational

tools using natural language without expert knowledge or programming skills.

Cross-lingual semantic parsing adapts a parser to map more natural languages to

logical form. Contemporary advances in semantic parsing generally only study parsing

of English. Successful cross-lingual transfer for a semantic parser improves the utility

of parsing technologies by enabling broader access to these tools. However, developing

a cross-lingual semantic parser introduces additional challenges and trade-offs. High-

quality data for new languages is scarce and requires complex annotation. Given

available data, a parser must adapt to language variations in expressing meaning and

intent. Existing multilingual models and corpora also exhibit extant biases for English,

with variable cross-lingual transfer to languages with fewer speakers or resources. At

present, there is no optimal strategy or modelling solution for teaching a new language

to a semantic parser.

This thesis considers the efficient adaptation of a semantic parser from English

to new languages. We are motivated by a case study of an engineer expanding a

natural language database interface to new customers, seeking accurate parsing of new

languages under a constrained budget for annotation. Overcoming the development

challenges of cross-lingual semantic parsing requires innovation in model design,

optimisation algorithms and strategies for sourcing and sampling data.

Our overarching hypothesis is that cross-lingual transfer is achievable through

aligning representations between a high-resource language (i.e., English) and new

languages unseen for the task. We propose different strategies for this alignment,

exploiting existing resources such as machine translation, pre-trained models, data

for adjacent tasks, or a few annotated examples in each new language. We propose

different modelling solutions suited to the quantity and quality of cross-lingual data.

First, we propose an ensembled model to bootstrap a parser from multiple machine-

translation sources, improving robustness by exploiting lower-quality synthetic data.

Second, we propose a zero-shot parser using auxiliary tasks to learn cross-lingual

representation alignment without any training data in new languages. Third, we propose

an efficient meta-learning algorithm optimising cross-lingual transfer during training
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with a few labelled examples in new languages. Finally, we propose a latent variable

model explicitly minimising divergence between representations across languages using

Optimal Transport. Our results reveal that accurate cross-lingual semantic parsing is

possible by composing minimal samples of target language data within models explicitly

optimising for accurate parsing and cross-lingual transfer.
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Lay Summary

Semantic parsing is a tool to convert human languages (e.g., English or French) into

languages understandable to computers (e.g., code or logic). This is useful for computers

to interpret the meaning of an instruction or question. For digital assistants such as

Alexa or Siri, you would speak a command to your assistant, and the assistant must

convert your command into computer logic to understand and respond to your command.

Without semantic parsing, these assistant technologies are only helpful if you can

communicate in complex computer logic.

However, a drawback of modern semantic parsing technologies is while they are

generally adequate at understanding English, they can fail to understand any other

language as successfully. This imbalance is a consequence of most data and tools for

parser development existing only in English. Generating more data for this task is

often complex and expensive. To teach a semantic parser more languages—we must

examine how to use very little data efficiently. This goal is desirable as it will allow

more demographics to access and use parsing technologies such as virtual assistants.

In this thesis, we consider different strategies to develop a semantic parser which

can understand multiple languages (ranging from English and French to Chinese, Hindi

or Thai) and generate logic outputs. If this semantic parser is successful, users who

speak any of the available languages can use these tools just as an English speaker

would. We analyse what makes this goal challenging for a semantic parser to propose

new types of parsers to accurately understand questions from any language.

We propose multiple parser models using this high-quality data, focusing on a

scenario where you have as little high-quality data as possible. With very little data,

we can more easily create a parser requiring less expensive data creation. This thesis

proposes four methods to create a parser for many languages. Our proposals for parsers

can understand a command like ‘How hot will it be at 3 pm?’, or in Spanish ‘¿Qué

tanto calor hará a las 3pm?’, into the logical command to perform this function. We

identify that building a parser requires high-quality data reflecting how real users ask

questions. Overall, we build new parsing models by translating as little as 1% of the

available data from English into these languages. Our models can better interpret

commands and questions from any language from innovation in model and algorithm

design. Our research contributes to improving semantic parsing for more different

languages, making it more accessible and useful for a broader audience.
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Chapter 1

Introduction

1.1 Semantic Parsing as a Human-Computer Interface

Semantic parsing is the task of realising the semantics of a natural language utterance in

a computer-executable language. A semantic parser translates a natural language input

into a machine-readable expression of meaning e.g., logical form, SQL, SPARQL, or

code (Wilks and Fass, 1992; Mooney, 2007). When this logical form is expressed in

some machine-readable language, a semantic parser functions as a human-computer

interface by translating natural language into machine-readable logic for system control

or interaction (Zelle and Mooney, 1996).

Semantic parsing is a long-standing natural language processing task with applica-

tions ranging from virtual environment control (Winograd, 1971), machine translation

(Huang, 1990), robot interaction (Thomason et al., 2020), and formal linguistic analysis

of corpora (Hershcovich et al., 2019). Early examples of semantic parsing include the

SHRDLU system (Winograd, 1971), using a semantic parser to control a virtual “blocks

world” using natural language. Users manipulate 3D virtual objects by expressing

instructions in natural language, and the semantic parser translates instructions into

computer-readable actions in the Lisp language. SHRDLU extends the pattern-matching

design of earlier systems like ELIZA (Weizenbaum, 1966) for more advanced semantic

understanding. Semantic parsing is the accessible interface allowing non-expert English

speakers to access computational tools otherwise requiring expert programming skills.

Semantic parsing is vital in contemporary language understanding technologies,

including virtual assistants such as Apple Siri or Amazon Alexa. A user speaks to a

virtual assistant in natural language, and a semantic parser must translate this request

into the respective logic to answer a question, create a calendar event, or respond to a
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4 Chapter 1. Introduction

(Andreas et al., 2013). Modern systems, typically based on the Transformer encoder-

decoder architecture (Vaswani et al., 2017), establish state-of-the-art performance across

old and new benchmark datasets. Progress in semantic parsing is rapidly improving the

capability to parse more complex language and generate more accurate logical forms.

However, this progress is largely limited to semantic parsing of English natural lan-

guage. While this bias follows broader trends towards English within natural language

processing, another barrier to multilingual semantic parsing is the annotation complexity

requiring expert annotators and translators. Successful cross-lingual semantic parsing is

desirable to improve access to parsing technologies for more users. Despite this, there

is presently no obvious or easy strategy for increasing the language capabilities of a

parser without a trade-off between accuracy, efficiency and cost. Without this vision,

multilinguality in semantic parsing is less feasible as a realisable technology.

This thesis addresses these challenges by considering how to efficiently adapt a

semantic parser from English to additional natural languages, subject to constraints on

efficiency and cost. This is a cross-lingual transfer problem, defined in Section 1.2, with

the objective of transferring accurate and generalisable semantic parsing from English to

additional natural languages. We outline the challenges for this objective in Section 1.3.

In Section 1.4, we frame our investigation as a case study of a budget-limited engineer

extending an English-language interface to a database and virtual assistant. This case

study motivates our hypotheses and contributions in Chapters 3 to 6. We consider

the cost-performance trade-off to propose strategies for rapid, accurate cross-lingual

semantic parsing with minimal resources.

1.2 Multilingual Natural Language Understanding

Multilinguality within natural language processing is the design of a system with

consideration for more than a single natural language. Increasing the multilinguality

of natural language processing systems is vital to allow speakers of more languages to

access these systems (Joshi et al., 2020). Multilinguality methods include combining

many natural languages as a practice for combined effort and resources. Examples

of this include Universal Dependencies1 (de Marneffe et al., 2021), unifying > 100

languages within a single dependency parsing framework, and CommonVoice2 (Ardila

et al., 2020), a speech corpus of transcribed speech in > 100 languages. This large-scale

1https://universaldependencies.org/
2https://commonvoice.mozilla.org/
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multilingual modelling can mitigate a bias for any dominant language (typically English)

and broadly improve performance by jointly modelling all languages simultaneously.

Another perspective for multilingual natural language processing is the cross-lingual

case of transfer learning where we assume data and models for a task in a source

language (e.g., English), and desire to transfer task-specific capability from the source

language to target language(s), where little or no data is available. We define cross-

lingual transfer as the success or failure of a model generalising to a target language,

with equivalent performance as the source language. Data-efficient cross-lingual transfer

requires few, or zero, data examples in target languages. Inefficient cross-lingual

transfer will demand more data examples, and associated annotation burden, for the

same outcome. Cross-lingual transfer is often integrated with the aforementioned

multilingual resource pooling. However, the cross-lingual perspective is the explicit

goal of expanding the task from known to unknown natural languages. In this thesis,

we follow this paradigm to define and investigate cross-lingual semantic parsing from

English to target natural languages.

Contemporary multilingual modelling begins at model pre-training. The multi-

linguality of large pre-trained models can be principally improved by increasing the

diversity of languages, and quantity of data, in pre-training corpora. Pre-training on

multilingual corpora allows a model to learn representations or inherit knowledge from

multiple languages, and combine knowledge from lexical, syntactic and semantic fea-

tures across languages. Monolingual pre-trained models such as BERT (Devlin et al.,

2019) or BART (Lewis et al., 2020a) generally fail at cross-lingual transfer given the

lack of adequate vocabulary or exposure to multilingual data. The creation of large

multilingual text corpora such as the multilingual Colossal Common Crawl Corpus (Xue

et al., 2021, mC4) has enabled pre-training of large models with nascent multilingual

capabilities. Models such as XLM-ROBERTA (Conneau et al., 2020), MBART (Liu

et al., 2020), and MT5 (Xue et al., 2021) broadly improve cross-lingual transferabil-

ity for natural languages included during pre-training. However, these task-agnostic

models typically must be specialised for task-specificity using relevant training data

i.e., a fine-tuning training pipeline. Modern challenges to multilingual modelling often

centres around applying monolingual fine-tuning (e.g., training on semantic parsing

data in English only) to languages with scarce task-specific resources.

Modern approaches to cross-lingual semantic parsing focus on leveraging large

language models (LLMs) to mitigate the difficulty and expense of multilingual data

generation. This includes using LLMs to generate synthetic data for training in a low-
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resource language (Rosenbaum et al., 2022), or using LLMs to provide language-specific

annotation of LLM-generated synthetic data (Nicosia et al., 2021). This generated

data is termed “silver-standard” as it is machine-generated without human annotation.

These approaches combine LLMs with lower-quality data to improve cross-lingual

parsing accuracy. Similar work has identified that LLMs can be prompted for effective

compositional generalisation (Drozdov et al., 2023) or fine-tuned for low-resource

domain adaptation (Schucher et al., 2022) within semantic parsing. While cross-lingual

prompting is an expanding domain (Shi et al., 2022; Asai et al., 2023), fine-tuning

presently proves more effective for low-resource languages often poorly represented

in pre-training corpora (Ruder et al., 2023). Solutions in this thesis focus on fine-

tuning a multilingual pre-trained < 1 billion parameter model for our task. We employ

fine-tuning as a proven strategy of cross-lingual adaptation across many tasks (Zhao

et al., 2021) and consider a smaller model scale to exploit efficient optimisation with

fewer computational resources. In Chapter 6, we identify how smaller models with

higher-quality data can actually outperform the aforementioned larger language models.

We consider our methods as a proof-of-concept for efficient cross-lingual semantic

parsing. In Chapter 7, we discuss how our contributions can be applied to LLM-scale

models in future work.

1.3 Challenges

Building accurate and generalisable cross-lingual semantic parsing requires addressing

challenges in both structured prediction and cross-lingual modelling. Table 1.1 outlines

examples in English and the same meaning in different languages which we now desire

to parse. While we mention difficulties inherent to semantic parsing in Section 1.1,

this thesis primarily considers solutions for challenges in cross-lingual transfer. These

challenges include:

Data scarcity influences the success of multilingual models by limiting the tasks and

languages with available resources. At a minimum, building a task-specific model for a

new language requires data to evaluate generalisation. However, translating all available

training data into all > 7000 global languages (Dryer and Haspelmath, 2013) is an

intractable task, leading to a significant focus on avoiding generating training data for

every target language. This includes using machine translation (Conneau et al., 2018a),

zero-shot transfer from English (Hu et al., 2020; Liang et al., 2020), or translating as
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MultiATIS++SQL (see Chapter 2)

EN I’d like the cheapest one way fare from Boston to San Francisco.

FR J’aimerais trouver le tarif aller simple le moins cher de Boston à San Francisco.

ZH 请帮我查找从波士顿到旧金山最低的单程票价

MTOP (Li et al., 2021)

EN Can you tell me how much rain is expected tonight?

ES ¿Puedes decirme cuánta lluvia se espera para esta noche?

DE Kannst du mir sagen, wie viel Regen heute Nacht erwartet wird?

Table 1.1: Input data examples for MultiATIS++SQL (see Chapter 2), and MTOP (Li et al.,

2021) datasets in English (EN), French (FR), Simplified Chinese (ZH), Spanish (ES), and

German (DE). The logical form output is semantically equivalent for all natural language

inputs. The parser must recognise and interpret variations in utterance structure, lexical

similarity, politeness, and tense across languages.

few examples as possible (Zhao et al., 2021). While this can improve performance,

professional or machine translation can result in multilingual systems which poorly

model native speakers (Koppel and Ordan, 2011), leading to poor generalisation for

actual users. Data annotation for semantic parsing is also highly complex—requiring

domain expertise and skill in manually writing logical forms (Perez-Beltrachini et al.,

2023). To address these challenges of data scarcity, this thesis considers multiple

strategies for data collection and sampling to effectively build accurate and useful target

language data resources.

Cross-lingual language variation influences lexical, syntactic and semantic similarities

and dissimilarities between target languages. These contribute to the difficulty in

learning unified semantic and syntactic structures from data across any task. Lexical

variation includes how homographs vary across languages: the German noun “Küche”

has multiple meanings translating to either “kitchen” or “cuisine” in English. Similarly,

the Chinese proper noun “圣保罗” is a phonetic translation for either “São Paulo”

and “St. Paul”. Resolving the correct entity is critical for logical forms executing a

search for flights to one location. Syntactic variation is observed when queries follow

different structures: the English question “Do you have X?” can be misinterpreted

as the declarative statement in Chinese “你有一个X [you have one X]”, but Chinese
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more commonly uses a positive-negative alternation pattern to query possession (“有

没有一个X?” [have not have one X?]). Semantic variation includes differences in

politeness between languages: some dialects of English may drop politeness (e.g.,

‘please’, ‘thank you’) when interacting with computer interlocutors. However, a Chinese

speaker may use “请 [qǐng]” at the beginning of an utterance to denote a polite

request to a computer. Revisiting idioms, a system must infer that “you can’t teach

an old dog new tricks” and “loro viejo no aprende a hablar [an old parrot never learns

to talk]” are equivalent expressions in English and Spanish. Additional challenges

include grammatical variation across languages including the morphology for tense

or grammatical gender. Successful cross-lingual transfer requires resolving these

ambiguities or dissimilarities for accurate parsing.

Existing resources are biased towards English and other languages with more available

resources (i.e., high-resource languages). As a consequence, multilingual systems often

are most performant on English tasks and task-specific capability attenuates for other

languages (Blasi et al., 2022; Søgaard, 2022). This English-centric bias is observed in

pre-trained models (Lai et al., 2023), and multilingual datasets (Kreutzer et al., 2022)

widely used to develop and evaluate cross-lingual transfer. The overrepresentation

of English disproportionately allocates these resources to English-centric tasks. As a

consequence, a majority of natural language processing technologies are realistically

only technologies for English (Ananiadou et al., 2012). Furthermore, normalising

only English data for multilingual resources biases systems for the cultural norms and

perspectives of English-speaking nations (Hershcovich et al., 2022). This imbalance

exacerbates the challenge in semantic parser development by correlating the success

of cross-lingual transfer with the similarity between the target language and English.

Languages which share many features (e.g., words or syntax) with English (e.g., French,

German) are more likely to benefit from transfer from English than languages which

share less (e.g., Chinese, Thai) (Lauscher et al., 2020). A parser should overcome this

English-centric bias for accurate cross-lingual transfer to similar and dissimilar target

languages.

Representation alignment is a long-standing research objective for enabling cross-

lingual transfer (Conneau et al., 2017; Lauscher et al., 2020; Wei et al., 2021). If a

system can build a representation space where equivalent semantics from multiple lan-

guages are represented equivalently; then any task conditioned upon this representation
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space will perform equivalently for any input language (Conneau et al., 2020). How-

ever, generalisable representation alignment is challenging for successful cross-lingual

transfer without sufficient high-quality data. Multilingual pre-trained models learn

some common linguistic features but often allocate specific representation subspaces

to different languages without global representation alignment (Chang et al., 2022).

Practically, a representation is more likely to be closer to any representation from the

same language, rather than the same meaning in a different language (i.e., monolingual

clustering). This limits the cross-lingual transfer capability for tasks reliant on aligning

semantics from different input languages. For an encoder-decoder semantic parser,

cross-lingual alignment can be studied as the similarity between latent encodings output

from the encoder. If an encoder outputs the same latent representation of meaning from

an input in any language, the decoder will deterministically map this representation

to the same logical form. In this thesis, we interpret cross-lingual alignment between

latent representations as a sufficient condition for cross-lingual transfer. Our methods

focus on producing this alignment within a parser, and our results study and visualise

this alignment as an interpretation of parser success. We further discuss the conditions

for this alignment in Section 2.4.2.

These challenges unify into no obvious modelling solutions for cross-lingual semantic

parsing. Prior efforts scarcely centre the cross-lingual perspective to exploit the fewest

examples for the most accurate system in new languages. Jones et al. (2012) propose

an adaptation of the English GeoQuery dataset (Zelle and Mooney, 1996) into six

languages, but produce only parallel monolingual parsers for each language. Susanto

and Lu (2017a) propose an early neural network semantic parser jointly modelling all

languages in a single model. Neither explicitly models cross-lingual transfer without

parallel data. Duong et al. (2017a) partially addresses this challenge using machine

translation for parsing German or English. However, the evaluation does not extend to

any less similar languages (e.g., Chinese) due to a lack of available data. Representation

alignment is also not studied as a cause for, or effect of, cross-lingual parsing success.

In this thesis, we present solutions for these challenges in building a cross-lingual

semantic parser. We propose different modelling solutions suited to the quantity and

quality of cross-lingual data. When data is not available, prior work does not address

the poor robustness of machine translation or the potential to exploit available data from

adjacent tasks. This thesis addresses these issues through an ensembling approach in

Chapter 3, and a multi-task zero-shot parser in Chapter 4. If data is available, prior
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work does not address developing a multilingual Transformer parser without suffering

the curse of multilinguality (Conneau et al., 2020): a phenomenon where expanding the

supported languages in a system reduces overall performance. This thesis addresses

these issues through algorithm design in Chapter 5, and a new parser architecture in

Chapter 6.

We highlight a rare quality of semantic parsing well suited for evaluating cross-

lingual transfer. Semantic parsing requires fine-grained semantic understanding to

map the natural language input into the machine-readable language output. In a cross-

lingual scenario, the same fine-grained semantic understanding must wholly transfer

for successful parsing. The misinterpretation of entities, relationships, and relative or

numerical expressions can all result in an incorrect parse. Evaluation for executable

semantic parsing is strict by evaluating if a parser output is syntactically correct or

represents equivalent precise meaning. This provides a binary signal testing if the

required fine-grained semantic understanding is transferred to each target language. We

argue that tasks like entailment classification or machine translation are susceptible to

misrepresenting cross-lingual transfer. Semantic equivalence can often be ignored in

machine translation, where sensitivities to idioms and culturally-specific expressions

often fail to translate across languages without explicit modelling (Dankers et al., 2022).

A similar semantic misinterpretation may not be detectable in an evaluation reliant

on labels or overlap-based metrics. In contrast, failure in cross-lingual transfer for

semantic parsing results in null accuracy. Therefore, our contributions evaluate fine-

grained semantic transfer between languages, with robust applicability to future tasks

and problems.
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1.4 A Case Study for an Engineer

This thesis proposes modelling methodologies for cross-lingual adaptation of a semantic

parser. For this objective, we consider the following case study:

A company manages many databases of structured information. These databases are

accessible using a Structured Query Language (SQL) server, where a user provides

SQL logic to retrieve the desired information from the database. The company desires

to make this information more accessible to consumers. However, the target customer

is not an expert in databases or programming. The company desires a natural language

interface to the databases to allow more natural customer interaction. The company

also desires this interface to be conversational (i.e., a chatbot). The company hires an

engineer to develop this interface.

The engineer builds an initial interface using a text-to-SQL semantic parser for database

interaction. The parser is a neural network: specifically, a pre-trained model fine-tuned

on semantic parsing data. The engineer builds the initial system for interactions in

English because the company’s databases are structured in English.

However, the company has a global customer base speaking multiple languages. If the

interface can fluently handle requests from more languages, the system will be accessible

to more customers. The engineer is now tasked with prototyping a multilingual interface.

The system must be able to interpret an input from any of the languages to be supported.

The ideal solution will generate a machine-readable expression from the input with

equivalent accuracy to the currently supported English. The engineer considers this

as a cross-lingual transfer problem: adapt a semantic parsing model from English

to additional languages. Additionally, there are no multilingual datasets suitable for

training this model and only a small budget to create data for the prototype. Therefore,

any expense must maximise the cross-lingual transfer capability to validate the prototype

as a feasible product. The engineer must now examine how to build this system

efficiently and within budget.

This thesis directly addresses the goals of the case study by (i) proposing modelling

and optimisation solutions to developing a cross-lingual semantic parser, and (ii) in-

vestigating data efficiency and sampling strategies to maximise the utility of a limited

data budget. This case study assumes access to multilingual evaluation data to test
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generalisation and cross-lingual transfer i.e., producing evaluation data is outside of

the limited prototype budget. This data evaluates if a model will generalise to real

users. A single data example is a paired natural language utterance input and logical

form output. The budget is allocated for annotating training data to develop the parser

and computational resources for model training. Extrinsic success for the prototype is

measured by comparing the accuracy of the parser in each target language to the parsing

accuracy for English. A successful parser will have equivalent accuracy in all languages.

Intrinsic success is cross-lingual representation alignment within the neural network

model. A successful parser will generate equivalent latent representations from inputs

with equivalent semantics from different languages.

1.5 Thesis Overview

Our overarching hypothesis is that cross-lingual semantic parsing is enabled by
aligning representations between English and target languages. Our investigation

studies how to achieve this alignment with data-efficient methods. For this study, we

investigate four strategies for cross-lingual adaptation evaluating individual hypotheses.

We consider strategies for data using machine translation, borrowing target language

data from similar tasks for zero-shot cross-lingual transfer, and few-shot sampling to

exploit a few annotated examples. This represents the least to most expensive method

for generating data for the case study. Our modelling and data strategies are analysed

by studying the cross-lingual representation alignment within the model. We define this

objective in Section 2.4.2, and propose alignment-forward methods in Chapter 4 and

Chapter 6. The outline and hypotheses for each chapter are as follows:

• Chapter 2 describes background material for our contributions. We describe

the parsing task, natural and formal languages, primary parser model, model

optimisation, evaluation criteria, and analysis methods.

• Chapter 3 considers the hypothesis that machine translation can adequately
approximate natural language for cross-lingual transfer in semantic parsing.

We investigate if open-source machine translation can adequately translate test

data from target languages to English, or translate training data from English

to target languages. Given this cost-effective “silver-standard” data, we explore

if these resources are sufficiently similar to produce systems which generalise

to data from speakers of target languages. We propose FATES, an ensemble
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parsing model combining multiple translations to improve cross-lingual transfer

robustness by modelling and fusing multiple, parallel language models from each

translation source.

• Chapter 4 considers the hypothesis that auxiliary multilingual tasks and data
can induce cross-lingual representation alignment without target-language
training data. We investigate training a semantic parser on English data com-

bined with simultaneous training on additional loss functions for other tasks where

multilingual data is readily available. Our study considers learning cross-lingual

representation alignment by exploiting alternative resources, without creating

more data specifically for our task. This system is ‘zero-shot’ as the parser does

not observe labelled parsing data in any target language during training. We

propose ZEUS, a multi-task model optimising a semantic parser with domain-

adaptive pre-training, machine translation, and input language classification. We

study which auxiliary objectives contribute to representation alignment, and

analyse the role of different types of multilingual data for this effect.

• Chapter 5 considers the hypothesis that meta-learning improves few-shot cross-
lingual transfer by promoting gradient-level cross-lingual regularisation of
task-specific training. We now examine if creating a small sample of target

language examples can improve upon our prior proposals. We propose DRAKON,

a meta-learning approach optimised for data-efficient few-shot cross-lingual se-

mantic parsing when translating ≤ 10% of the dataset. DRAKON aligns gradients

from data in English and target languages, leading to significant improvement in

parsing capability above any few-shot competitor methodology. We also identify

how few-shot transfer yields more accurate parsing without inheriting issues of

fluency (from Chapter 3) and domain relevancy (from Chapter 4). We also observe

that DRAKON improves cross-lingual representation alignment via optimising

cross-lingual gradient similarity during training.

• Chapter 6 considers the hypothesis that explicit cross-lingual representation
alignment improves the transfer of task knowledge to target languages. We

consider explicitly minimising the divergence between representations across

languages. This technique directly targets the representation alignment hypothesis

previously studied as an outcome of other methods. We propose MINOTAUR,

a methodology for minimising cross-lingual representation divergence using

Optimal Transport. We define a model augmented with latent variables, which
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uses a multi-level divergence penalty to directly target cross-lingual representation

alignment. MINOTAUR demonstrates more accurate parsing using fewer examples

and training computation than DRAKON. We identify how MINOTAUR yields

the closest representation alignment in this thesis, such that equivalent semantics

from different languages are now much closer in latent space.

• Chapter 7 summarises our contributions and defines topics of future work applying

our contributions to larger models, and extending our conclusions to languages

with fewer resources.

We highlight that the contributions in this thesis have previously been reported in

the following publications:

Chapter 3 Tom Sherborne, Yumo Xu, and Mirella Lapata. 2020. Bootstrapping a

Crosslingual Semantic Parser. In Findings of the Association for Computational

Linguistics: EMNLP 2020, pages 499–517, Online. Association for Computa-

tional Linguistics.

Chapter 3 Nikita Moghe, Tom Sherborne, Mark Steedman, and Alexandra Birch.

2023. Extrinsic Evaluation of Machine Translation Metrics. In Proceedings

of the 61st Annual Meeting of the Association for Computational Linguistics

(Volume 1: Long Papers), pages 13060–13078, Toronto, Canada. Association for

Computational Linguistics.

Chapter 4 Tom Sherborne and Mirella Lapata. 2022. Zero-Shot Cross-lingual Seman-

tic Parsing. In Proceedings of the 60th Annual Meeting of the Association for

Computational Linguistics (Volume 1: Long Papers), pages 4134–4153, Dublin,

Ireland. Association for Computational Linguistics.

Chapter 5 Tom Sherborne and Mirella Lapata. 2023. Meta-Learning a Cross-lingual

Manifold for Semantic Parsing. Transactions of the Association for Computa-

tional Linguistics, 11:49–67.

Chapter 6 Tom Sherborne, Tom Hosking, and Mirella Lapata. 2023. Optimal Trans-

port Posterior Alignment for Cross-lingual Semantic Parsing. Transactions of the

Association for Computational Linguistics, 11:1432–1450.



Chapter 2

Background

In this chapter, we discuss the format of semantic parsing in terms of natural language

input (Section 2.1.1) and logical form output (Section 2.1.2). We present the primary

Transformer model we build on in our contributions (Section 2.2) and introduce datasets

used for evaluation (Section 2.3). Finally, Section 2.4 formally defines our cross-

lingual transfer framework for sampling data distributions, learning scenarios, and

representation alignment.

2.1 Natural Languages and Logical Forms

2.1.1 Natural Languages

Languages develop within communities as a tool to satisfy the need for communi-

cation (Christiansen and Kirby, 2003). Semantic parsing facilitates communication

for a human-computer interface translating between human- and machine-readable

languages. Semantic parsing differs from general purpose language understanding tasks,

such as language modelling, in generally focusing on utterances rather than any form of

language. An utterance can be characterised as a ‘continuous piece of speech separated

by silence’ (Harris, 1960). We inherit this terminology from the foundations of the task

as a communication interface translating natural language utterances into commands

(Winograd, 1971). For our task, the utterance is one input to be parsed. This is typically

a single sentence, and we do not consider document or book-level parsing in this thesis.

Natural language utterances in semantic parsing are typically imperative or interrog-

ative (see examples in Table 2.1). Instructions are often imperative, commanding the

parser to execute some function, and questions are often interrogative, requesting some

15
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Form Example

Declarative Rain is expected for tonight.

Exclamatory It’s going to rain tonight!

Imperative Tell me how much rain is expected tonight.

Interrogative How much rain is expected tonight?

Table 2.1: Examples of utterances in English illustrating variations in surface form for

approximately equivalent intent (Radford, 2009). Semantic parsing typically focuses on

imperative and interrogative utterances (italicised) typically corresponding to queries

and requests within a human-computer interface.

information from the interlocutor (Radford, 2009). Building a semantic parser requires

accurately interpreting this structure to infer meaning.

Moreover, a parser must be sensitive to pragmatics to infer the correct action from

any sentence structure. Declarative sentences can contain questions or instructions

depending on the speaker’s original intent. For example, the interrogative command

‘Can you tell me how much rain is expected tonight?’ can be literally interpreted as

asking whether it is possible to determine the expected rainfall. The parser should

recognise that because action is possible, the system should execute the requested

instruction. Similarly, the utterance ‘I want to know the expected rainfall tonight’ is

declarative, but the parser should interpret this as an executable instruction similar to

the imperative form. We broadly group samples of language into questions, encom-

passing any utterance directed at a parser with an intended action, and declarative text,

encompassing any arbitrary statement assumed not to contain an actionable request.

The generalisation capability of a parser is influenced by the parser’s ability to apply

domain- or language-specific rules and structure to new utterances (Herzig and Berant,

2018). We will revisit this contrast in Chapter 4 for adapting a parser using samples of

web-sourced text.

As discussed earlier in Section 1.3, semantic parsing follows the trend of bias toward

English within natural language understanding tasks (Søgaard, 2022). Recent advances

in semantic parsing research primarily focus on data models for English only. To

address this imbalance, this thesis considers parsing the following languages (relevant

demographic details from Dryer and Haspelmath (2013) and Eberhard et al. (2019)):

• English (EN): Germanic Indo-European language using Latin script. Natively
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used by 380 million speakers and in common usage by > 1 billion second-

language speakers. EN has official status in 47 countries and territories. English

is the source language in this thesis.

• French (FR): Romance Indo-European language using Latin script. FR is the

native language of approximately 99 million people and is an official language in

39 countries.

• Portuguese (PT): Romance Indo-European language using Latin script. PT is an

official language in 10 countries with approximately 236 million native speakers.

• Spanish (ES): Romance Indo-European language using Latin script. ES is an

official language in 22 countries with approximately 485 million native speakers.

• German (DE): Germanic Indo-European language using Latin script. DE is

an official language in six European countries and is the native language of

approximately 75 million people.

• Chinese (ZH) i.e., Simplified Mandarin Chinese: This is the official form of

Chinese in the People’s Republic of China with 939 million native speakers.

ZH is a Sino-Tibetan language using a logographic script where each character

represents a singular morpheme. We consider only Simplified Chinese characters

in this work. While widely used as a writing system for Chinese, we note that

Simplified Chinese is not a universal written language for the Mandarin dialect.

Traditional Chinese characters are preferred in Taiwan. Simplified Chinese is also

not used in Hong Kong within Cantonese, and is not borrowed in Korea or Japan

for their respective writing systems.

• Hindi (HI): Indic Indo-European language using the Devanagari script. HI is the

primary official language of India with 345 million native speakers. Devanagari

script is an abugida, a writing system where consonant-vowel sequences are a

singular unit (Matthews, 2014). Each unit (analogous to a Latin character) uses

a consonant letter with a vowel noted using a diacritic. We note that HI has no

concept of character case.

• Thai (TH): official language of Thailand in the Kam-Tai genus from the Tai-

Kadai language family with 21 million native speakers. Thai is related to Lao,

the official language in Laos, and Shan, a minority language in Myanmar. The

writing system of TH is similar to HI as an abugida alphabet without casing.
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We consider these target languages given prior data availability, outlined in Sec-

tion 2.3, as a proof of concept for our case study. We note that this thesis does not

consider any language genuinely considered low-resource, as all languages under con-

sideration have millions of native speakers (Cieri et al., 2016). As our methods assume

little resource parity between languages—we expect our contributions to extend to

lower-resource languages in the future. While our discussion of differences in declar-

ative or interrogative utterances uses English, we assume that differences between

questions and declarative text follow similar trends in each target language (Culbertson

et al., 2020). Our cross-lingual semantic parser must adapt to language-specific utter-

ance structure, in addition to the challenges of lexical ambiguity, syntactic variation,

and semantic variation outlined in Section 1.3.

2.1.2 Logical Forms

Semantic parsing translates a natural language utterance into precise meaning rep-

resentation for automated reasoning (Zelle, 1995; Zettlemoyer and Collins, 2005).

This representation is a logical form (LF) in some machine-readable language (MRL)

representing meaning abstracted from natural language (Fodor, 1975). Some machine-

readable languages, such as λ−calculus or λ−dependency compositional semantics, can

be considered formal languages exactly describing computation by applying functions

and abstractions over defined variables. For example, the GeoQuery dataset defines a de-

terministic mapping from λ−calculus LFs to Prolog programs for execution (Zelle and

Mooney, 1996; Kate et al., 2005). Logical forms such as SQL are not strictly considered

formal languages as they do not follow a formal grammar, and are not designed for

concisely expressing input semantics. More generally, a logical form can be considered

the specification of a program of execution. This program describes natural language

meaning as logical processing steps for a computer to act on, regardless of the intended

use of the MRL. The design and structure of an MRL influence how accurately an LF

can model semantics (Mooney, 2007), and be learned by a neural parsing model (Li

et al., 2022). While we generate LFs as parser outputs, this thesis does not study the

design, structure and suitability of MRLs. This has been studied extensively in prior

work (e.g., Zelle, 1995; Zettlemoyer, 2009; Wang, 2021), and our contributions focus

on improving parsing more diverse languages for a given parser. The machine-readable

languages used in this thesis are as follows:
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2.1.2.1 Structured Query Language

Structured Query Language (SQL) is a programming language for interaction with

relational databases (Beaulieu, 2009). A user composes an SQL query to retrieve

and manipulate the data stored in the relevant database. Each database stores data

in tables, with an element represented as a row with attributes indexed by columns.

The complexity in SQL is often associated with retrieving and aligning information

from multiple tables for processing into a result (Li et al., 2022). Table 2.2 shows an

example of SQL as a logical form. The equivalent λ−calculus succinctly describes the

input semantics, and SQL expresses the same meaning in a form suitable for database

execution. While not concise, parsing into SQL (i.e., text-to-SQL semantic parsing)

is practical by allowing direct interaction between a parser and any relational data

store. This enables the deployment of a parser by ignoring any ‘tidiness’ in expressing

meaning in a formal language.

We refer to text-to-SQL parsing as executable semantic parsing, given we can

evaluate SQL LFs in an existing database. A user asks a question, the semantic parser

translates the utterance to an SQL logical form, and the database evaluates this LF to

return an answer to the user. This satisfies the case study as a pipeline for question

answering over structured data. An advantage of SQL as a logical form is that SQL is

grounded in a database. Within semantic parsing, grounding refers to the environment

used to validate the truth of the logical form (Clark and Brennan, 1991; Chandu et al.,

2021). A grounded logical form is one constructed with respect to some environment

usable for evaluating the program logic. SQL is grounded in a database, and the

database can be used to execute the logical form to look up an answer (or denotation).

Ungrounded logical forms lack this relationship to an environment for verification

e.g., dependency trees (Reddy et al., 2016) or universal dependency graphs (Reddy

et al., 2017).

2.1.2.2 Task-Oriented-Parsing Logical Form Language

Task-Oriented-Parsing Logical Forms (TOP-LF) were introduced in Gupta et al. (2018)

as a semantic annotation scheme for expressive spoken language understanding. The

logical form encapsulates the sentence-level intent classification and token-level slot

labelling tasks jointly referred to as “spoken language understanding” (SLU). Each

intent and slot annotation is used in downstream applications in a dialogue system.

Gupta et al. (2018) argue that prior non-hierarchical SLU formats are insufficiently
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EN What flights are there from Newark to Seattle on Saturday?

λ−calculus lambda $0 e (and (flight $0) (from $0 newark:ci) (to $0

seattle:ci) (day $0 saturday:da))

SQL

SELECT
DISTINCT flight_1.flight_id

FROM
flight flight_1,
airport_service airport_service_1,
city city_1,
airport_service airport_service_2,
city city_2,
days days_1,
date_day date_day_1

WHERE
flight_1.from_airport = airport_service_1.airport_code
AND airport_service_1.city_code = city_1.city_code
AND city_1.city_name = ’NEWARK’
AND(

flight_1.to_airport = airport_service_2.airport_code
AND airport_service_2.city_code = city_2.city_code
AND city_2.city_name = ’SEATTLE’
AND flight_1.flight_days = days_1.days_code
AND days_1.day_name = date_day_1.day_name
AND date_day_1.year = 1991
AND date_day_1.month_number = 7
AND date_day_1.day_number = 26

);

Table 2.2: An example of a English (EN) input and the associated logical forms in

λ−calculus from Zettlemoyer and Collins (2005), and SQL from Dahl et al. (1994).

The SQL LF is much less succint in expressing the input semantics than λ−calculus.

However, designing a semantic parser for SQL allows a parser to directly interface with

a relational database for question answering.

expressive to allow recursive functions or represent complex annotation. This motivates

the proposal for TOP-LF for more expressive logical forms with easy annotation and

simple evaluation. The TOP-LF language is defined as an annotated tree structure

similar to a constituency parse tree for syntax. The TOP-LF logical form parses

intents, actions with ‘IN:’ labels, and slots, attributes and entities with ‘SL:’ labels

as annotations in the utterance. These roles map to actions, with respective inputs

from slots, defined externally by the dialogue system. Table 2.3 shows an example

of this structure with a nested intent (‘IN:GET_RESTAURANT_LOCATION’) within the

slot ‘SL:DESTINATION’. This recursive expressivity is not possible in a simpler SLU

schema. The tree structure always uses an intent label as the root node and subtrees are
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EN How far is the coffee shop?

TOP-LF [IN:GET_DISTANCE[SL:DESTINATION [IN:GET_RESTAURANT_LOCATION

[SL:TYPE_FOOD coffee]]]]

Table 2.3: An example of a English (EN) input and the associated logical form in TOP-LF

from the TOP dataset (Gupta et al., 2018). The TOP-LF form provides a rich hierarchical

annotation on an utterance useful for processing in a spoken language understanding

pipeline. The parser extracts intents, actions with ‘IN’ labels, and slots, attributes and

entities with ‘SL’ labels. An intent defines a function for the system to execute with slots

defining the inputs for each function.

indicated by bracketing where paired brackets, ‘[ ]’, indicate a new subtree. Similar to

SQL, TOP-LF is not a strict formal language as a rich labelling schema for utterances.

We refer to generating TOP-LF logical forms from utterances as parsing for spoken

language understanding, or SLU semantic parsing. Gupta et al. (2018) propose TOP-LF

as a form of semantic parsing motivated to allow precise semantic annotation for spoken

language understanding tasks. We follow this by considering TOP-LF outputs as logical

forms within a sequence-to-sequence semantic parsing framework. This addresses the

case study in building a semantic parser suitable for dialogue-based customer interaction

i.e., a chatbot.

The format of TOP-LF is suitable for a dialogue system where downstream ap-

plications will act on the parsed intents and slots. These applications are external

to the parser and excluded from our system. There is no publicly available dialogue

system for evaluating TOP-LF logic. Therefore, TOP-LF logic is ungrounded without

an environment representing the ground truth1. Evaluating TOP-LF logic compares to

gold-standard parses provided by annotators, analogous to evaluating SQL by compar-

ing SQL query tokens instead of the executed result from predicted queries. We further

discuss evaluating TOP-LF logic in Section 2.3.2.

Either executable or SLU semantic parsing provides an interface for user interactions.

The logical forms produced by a semantic parser must be syntactically well-formed in

the respective MRL, semantically faithful to the input, and sufficiently expressive to

unambiguously describe the utterance as a program. We now describe developing a

parser to satisfy these requirements in Section 2.2, and we revisit datasets and evaluating

1Gupta et al. (2018) claim that existing dialogue systems could easily be adapted to evaluate TOP-LF.
However, we consider TOP-LF ungrounded in the absence of an exemplar evaluation environment.
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logical forms in Section 2.3.

2.2 Modelling

Task Definition Given a natural language utterance x = {x0,x1, . . . ,xT} comprised

of T tokens in functional domain X , a semantic parser maps input x to a logical form,

y = {y0,y1, . . . ,yT ′} of T ′ tokens in functional domain Y . In the executable case (e.g.,

if y is SQL), the logical form or program can be executed inside an associated database

environment, e, to retrieve a denotation, d, as an answer to the original natural language

query x. We describe the parser as a function f : X →Y parameterised by weights θ and

optimised using some loss function ℓ : Y ×Y → R+. We note that unlike prior work

considering parsing for new domains (Wang, 2021), we do not consider the environment

e as a model input. We consider the following notation in this thesis:

X , Y, Z Random variables

x, y, z, z Observations

PX , PY ,PZ Probability distributions

X , Y , Z Functional domains

D, S , T , U Data distributions and samples

2.2.1 Designing a Semantic Parser

We define the semantic parser function, f , as a sequence-to-sequence Transformer

model (Sutskever et al., 2014; Vaswani et al., 2017). We follow this framework given

recent strengths in semantic parsing (Dong and Lapata, 2016, 2018), and cross-lingual

transfer (Duong et al., 2017b; Susanto and Lu, 2017b; Liu et al., 2020; Tang et al., 2021).

The model comprises an encoder, Q, and a decoder, G. The encoder is responsible for

transforming the input x ∈ RT×|V |, T tokens indexed in encoder vocabulary V of size

|V | from domain X , into a latent representation E ∈RT×d of T vector representations of

x with dimensionality d. The decoder is responsible for predicting output y ∈ RT ′×|V ′|,

T ′ tokens in decoder vocabulary V ′ of size |V ′| from domain Y , from the latent tensor

E. The function parameters θ can be decomposed into θ = {φ,ψ} where φ are the

encoder parameters and ψ are the decoder parameters. The encoder is Qφ: function

Q with parameters φ, and the decoder is similarly denoted as Gψ. Equation (2.1) is
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the parsing function using these components, and the initial output token, y0, to start

decoder generation.

The parser models the likelihood of output y using function f as Equation (2.2),

where each element of y is predicted sequentially from input x and prior outputs y<t .

The output distribution for token yt is defined in Equation (2.3): the decoder, Gψ,

predicts a logits output over the vocabulary conditional on prior outputs, y<t , and the

encoded input, Qφ (x). This logits output is reparameterised as a distribution using the

softmax function to predict a probability for yt . Unless specified otherwise, we use a

singular encoder model and a singular decoder model for all inputs and outputs.

f (x, θ) :− Gψ

(
y0, Qφ (x)

)
(2.1)

p f (y|x, θ) =
T ′

∏
t=1

p f (yt |y<t , x, θ) (2.2)

p f (yt |y<t , x, θ) = softmax
(
Gψ

(
y<t , Qφ (x)

))
(2.3)

Transformer Layers The encoder and decoder are stacked Transformer layers com-

prising multi-head attention and feedforward sublayers. Figure 2.1 outlines the Trans-

former architecture as defined by Vaswani et al. (2017). An encoder layer computes a

contextual representation for each input element using multi-head self-attention, with

the final encoder layer producing the latent representation. The decoder conditions upon

this latent representation during the autoregressive generation of output tokens (i.e., one

step of Equation (2.3)). From Vaswani et al. (2017), the multi-head attention layer for

inputs query (Q), key (K), and value (V ), is defined as Equation (2.4), with each head

defined in Equation (2.5) using the attention mechanism in Equation (2.6).

MultiHeadAttention(Q, K, V ) = Concat(head1, . . . ,headh)W O (2.4)

headi = Attention(QW Q
i ,KW K

i ,VWV
i ) (2.5)

Attention(Q,K,V ) = softmax(
QKT
√

dh
)V (2.6)

FeedForward(X) = ReLU(XWi +bi)Wj +b j (2.7)

ReLU(x) = max(x,0) (2.8)

Each head, i ∈ h, uses dimensionality dh = d
h to define learnable parame-

ters W Q
i , W K

i , WV
i ∈ Rd×dh . Each head specialises in some degree of language un-

derstanding with these specialisations combined during forward processing (Voita et al.,
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2019). Multi-head attention combines these states and projects through learned output

parameter W O ∈ Rhdh×d . The feedforward sublayer is defined in Equation (2.7), where

ReLU is the rectified linear unit nonlinearity activation function (Fukushima, 1975)

in Equation (2.8), d f is the feedforward projection dimensionality, Wi ∈ Rd f×d and

bi ∈ Rd f are learned input parameters, and Wj ∈ Rd×d f and b j ∈ Rd are learned output

parameters.

The encoder computes self-attention to compute a contextual representation of the

input as a latent representation. The decoder computes masked self-attention, similar to

the encoder but without the ability to ‘attend’ to future states, and cross-attention, to

compute an interaction between the current outputs and the latent representation of the

inputs. In general, we use the Transformer architecture unmodified from the original

definition. However, in Chapter 3 we define an augmentation on Equation (2.4) for

multi-head attention over multiple parallel encodings.

Model Definition and Pre-trained Initialisation The model is constructed as an

encoder-decoder Transformer network illustrated in Figure 2.2. The encoder comprises

12 layers and the decoder comprises 6 layers. The model uses a dimensionality of

d = 1024 and 16 attention heads per layer resulting in head dimensionality dh = 64.

Feedforward projection dimensionality is set to d f = 4096. The embedding dimension-

ality is also set to d = 1024. We further discuss the vocabularies for each dataset in

Section 2.3.

In this thesis, the model design is largely informed by a pre-trained encoder. Pre-

training on large corpora allows a model to learn more general representations of

language (Collobert et al., 2011). Contemporary pre-trained models are widely used

to initialise the parameters of models fine-tuned for a specific task (Peters et al., 2018;

Devlin et al., 2019). As discussed in Section 1.2, multilingual pre-training initialises

a model with generalisable knowledge of language understanding in many languages.

For our task, we use a pre-trained model to initialise the parser’s multilingual language

understanding capability. The encoder is initialised using the MBART50 pre-trained

model (Tang et al., 2021). This is a sequence-to-sequence model pre-trained on multi-

lingual corpora using an unsupervised language modelling objective in Liu et al. (2020),

and further pre-trained using a machine translation task in Tang et al. (2021). MBART50

supports 50 languages including all target languages outlined in Section 2.1.1. Our

encoder follows the twelve-layer architecture for MBART50. The encoder parameters,

φ, are initialised using MBART50 and then further fine-tuned for semantic parsing.
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Figure 2.1: Illustration of the Transformers architecture adopted in this thesis from

Vaswani et al. (2017). A single layer comprises multi-head attention and feedforward

layers with additional skip connections. These layers are stacked to produce the com-

plete model. Each multi-head attention layer receives input queries, keys, and values (Q,

K, and V respectively), and outputs a contextual representation of V weighted by the

dot-product interaction between Q and K. See arxiv.org/abs/1706.03762 for authors’ per-

mission for reproduction of graphics for academic purposes.
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we define augmentations on Equation (2.9) to improve cross-lingual transfer during

training.

Training Specification The parser is optimised using the loss function in Equa-

tion (2.9) oversampled data batches. We use the Adam optimiser (Kingma and Ba,

2014) for updating parameters with a learning rate of 1×10−4, and (0.99,0.998) de-

cay factors. We regularise learning using a model activation dropout factor of 10%

(Srivastava et al., 2014; Gal and Ghahramani, 2016). We do not employ weight decay

regularisation as this was observed to damage the meta-learning algorithm proposed

in Chapter 5. We select the best model during training using the loss on a held-out

validation dataset. We use only the English-language validation dataset for model

selection. Multilingual validation data for model selection has been identified as use-

ful for optimising cross-lingual transfer (Keung et al., 2020). However, we consider

this scenario to invalidate ‘zero-shot’ cross-lingual transfer results, which should not

evaluate generalisation to new languages before inference. This constraint is required

for our zero-shot parser proposed in Chapter 4. The batch size for each model is 16

input-output examples unless listed otherwise. All models in this thesis can be trained

on a single NVIDIA A100 80GB GPU in under 36 hours.

Inference Specification The optimised parser infers an output logical form from a test

input by autoregressively generating tokens in the process outlined by Equation (2.3).

We follow prior practice (Dong and Lapata, 2016) in generating LFs via beam search

using a beam width of five hypotheses. The beam search decoder stores five ‘hypotheses’

for possible output sequences during incremental generation. The final output is the

hypothesis with the highest likelihood.

2.3 Data for Cross-lingual Semantic Parsing

2.3.1 MultiATIS++SQL

The original dataset contains 5,418 utterances requesting US flight and airport informa-

tion. Hemphill et al. (1990) and Dahl et al. (1994) produced the original ATIS corpus

pairing English utterances with annotated SQL queries to answer respective questions

using a relational database. The original SQL queries were complex with a high quantity

of nested subqueries (Finegan-Dollak et al., 2018) resulting in an increased challenge
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Train Validation Test Total

MultiATIS++SQL

English (EN) 4,473 497 448 5,418

French (FR) 4,473 497 448 5,418

Portuguese (PT) 4,473 497 448 5,418

Spanish (ES) 4,473 497 448 5,418

German (DE) 4,473 497 448 5,418

Chinese (ZH) 4,473 497 448 5,418

MTOP

English (EN) 15,602 2,229 4,457 22,288

French (FR) 11,609 1,658 3,317 16,584

Spanish (ES) 10,821 1,546 3,092 15,459

German (DE) 13,152 1,879 3,757 18,788

Hindi (HI) 11,292 1,613 3,226 16,131

Thai (TH) 11,141 1,592 3,182 15,915

Table 2.4: Dataset sizes per partition and language for MultiATIS++SQL (Section 2.3.1)

and MTOP (Li et al., 2021). MultiATIS++SQL is fully parallel with all examples translated

into each language. MTOP is partially parallel where all examples are sourced from

English but a non-exclusive subset is translated into each target language.

for a parser. Iyer et al. (2017) proposed simplified SQL queries to improve parser

accuracy by generating “easier” outputs. Xu et al. (2020) created MultiATIS++SQL by

professionally translating the English queries into French, Portuguese, Spanish, German

and Mandarin Simplified Chinese for the spoken language understanding version of the

ATIS task.3

Dataset Creation We create a new version of ATIS for our objective of executable

cross-lingual semantic parsing titled MultiATIS++SQL. This variant of ATIS pairs

the simplified executable SQL queries from Iyer et al. (2017) with utterances in six

languages from Xu et al. (2020). This creates a multilingual dataset with six parallel

3This is an intent-classification and slot-filling variant of ATIS for spoken language understanding.
This form is not executable, similar to TOP-LF, and we do not consider this version of ATIS in this
thesis. We also note that Xu et al. (2020) translated ATIS queries into Japanese but the mapping between
utterances from English to Japanese is not publicly available. We ignore this language for this reason.
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MultiATIS++SQL

EN I’d like the cheapest one way fare from Boston to San Francisco.

FR J’aimerais trouver le tarif aller simple le moins cher de Boston à San Francisco.

PT Eu gostaria da tarifa mais barata de ida de Boston para São Francisco.

ES Quisiera la tarifa más barata de ida desde Boston hasta San Francisco.

DE Ich suche den günstigsten Preis für einen Einzel flug von Boston nach San Francisco.

ZH 请帮我查找从波士顿到旧金山最低的单程票价

SQL

SELECT
DISTINCT fare_1.fare_id

FROM
fare fare_1, flight_fare flight_fare_1, flight flight_1, airport_service
airport_service_1, city city_1, airport_service airport_service_2, city city_2

WHERE
fare_1.one_direction_cost =(

SELECT
MIN( fare_1.one_direction_cost)

FROM
fare fare_1, flight_fare flight_fare_1, flight flight_1,
airport_service airport_service_1, city city_1,
airport_service airport_service_2, city city_2

WHERE
fare_1.round_trip_required = ’NO’
AND fare_1.fare_id = flight_fare_1.fare_id
AND flight_fare_1.flight_id = flight_1.flight_id
AND flight_1.from_airport = airport_service_1.airport_code
AND airport_service_1.city_code = city_1.city_code
AND city_1.city_name = ’BOSTON’
AND flight_1.to_airport = airport_service_2.airport_code
AND airport_service_2.city_code = city_2.city_code
AND city_2.city_name = ’SAN FRANCISCO’

)
AND fare_1.fare_id = flight_fare_1.fare_id
AND flight_fare_1.flight_id = flight_1.flight_id
AND flight_1.from_airport = airport_service_1.airport_code
AND airport_service_1.city_code = city_1.city_code
AND city_1.city_name = ’BOSTON’
AND flight_1.to_airport = airport_service_2.airport_code
AND airport_service_2.city_code = city_2.city_code
AND city_2.city_name = ’SAN FRANCISCO’;

Table 2.5: An example of MultiATIS++SQL data in English (EN), French (FR), Portugeuse

(PT), Spanish (ES), German (DE), and Simplified Chinese (ZH). The input utterance

is natural language and the output is SQL referencing an English-language relational

database. All inputs map to the same SQL output for this dataset.



30 Chapter 2. Background

input utterances paired with an SQL logical form. A parser must generate syntactically

and semantically correct SQL (using entities and table features in English) from any

input language. Table 2.5 shows an example from MultiATIS++SQL where all utter-

ances correspond to the same SQL logical form. The complete data split is outlined

in Table 2.4 using the partitioning from Kwiatkowski et al. (2011). We note that this

contribution was originally reported in Sherborne and Lapata (2022).

Data Preprocessing Input utterances are tokenised using the SentencePiece to-

keniser (Kudo and Richardson, 2018). This processes inputs to match the vocab-

ulary and pre-trained embeddings from MBART50. The vocabulary of a SQL

query comprises the language keywords (e.g., SELECT or INNER JOIN) and at-

tributes from the respective database, including table and column names (e.g.,

airport_service_1.airport_code). This vocabulary is closed i.e., a fixed-size

lexicon entirely derived from the grounding environment. We tokenise output LFs

using whitespace. We use whitespace tokenisation as the meaning of each token in an

LF is already atomic. For example, the meaning of ‘SELECT’ is defined for the SQL

language and we consider subword tokenisation, e.g., to form tokens ‘SEL, ‘ECT”, as

redundant. This formatting approach may result in the model struggling to parse entities

unseen during training without a pre-trained vocabulary. However, the set of possible

entities in this single-domain dataset is small enough that we empirically do not observe

entity unfamiliarity during inference to be a larger issue than the difficulty in adapting a

pre-trained decoder to SQL syntax. We acknowledge this method could be suboptimal

for multi- or open-domain datasets with more possible entities only seen during test.

This difficulty is a contributor to why we use sentinel tokens for MTOP, explained below

in Section 2.3.2. The decoder vocabulary comprises 593 tokens of SQL keywords and

features from the ATIS database.

MultiATIS++SQL: Execution Accuracy As SQL logical forms are executable within

an available relational database, we evaluate performance on MultiATIS++SQL using

Execution Accuracy. This metric, also called denotation accuracy, evaluates if the

predicted SQL retrieves the same answer from the database as the label logical form.

For test input x with label LF y and predicted LF ŷ, we evaluate the execution accuracy

using grounding environment, e, as Equation (2.10).

e(ŷ) == e(y) Denotation accuracy for prediction ŷ (2.10)
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MTOP

EN Can you tell me how much rain is expected tonight?

FR Peux-tu me dire quelle quantité de pluie est prévue ce soir?

ES ¿Puedes decirme cuánta lluvia se espera para esta noche?

DE Kannst du mir sagen, wie viel Regen heute Nacht erwartet wird?

HI

TH

LF (EN) [IN:GET_WEATHER[SL:WEATHER_ATTRIBUTE rain][SL:DATE_TIME tonight]]

LF (FR) [IN:GET_WEATHER[SL:WEATHER_ATTRIBUTE pluie][SL:DATE_TIME ce soir]]

LF (ES) [IN:GET_WEATHER[SL:WEATHER_ATTRIBUTE lluvia][SL:DATE_TIME para esta noche]]

LF (DE) [IN:GET_WEATHER[SL:WEATHER_ATTRIBUTE Regen][SL:DATE_TIME heute Nacht]]

LF (HI)

LF (TH)

Table 2.6: An example of MTOP data in English (EN), French (FR), Spanish (ES),

German (DE), Hindi (HI), and Thai (TH) from Li et al. (2021). The input utterance

is natural language and the output is a logical form designed for spoken language

understanding pipelines. The relevant function and action is executed dependent upon

the parsed intent (IT: label) slots (SL: label). Unlike MultiATIS++SQL, the MTOP LF

contains tokens from the input as slots for downstream actions. Therefore, we consider

these outputs non-identical but semantically equivalent in our experiments. Section 2.3.2

outlines our preprocessing steps for MTOP.

Execution accuracy is useful in evaluating if the predicted LF has the same semantics

as the gold LF i.e., if the prediction means the same concept. This metric implicitly will

also evaluate for well-formed SQL, as an ill-formed query will not return the correct

result. We also do not consider if the LFs are identical with this metric. This can risk

introducing spurious predictions in generated LFs as we do not evaluate if the correct

answer is retrieved through incorrect logic. However, spuriousness has been observed

as a marginal issue unless training a weakly supervised semantic parser without logical

forms (Lee et al., 2023). As our system is fully supervised, we do not explicitly model

this concern.
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2.3.2 MTOP

This dialogue understanding dataset from Li et al. (2021) comprises 22,288 questions

in English mapping to the TOP-LF form described in Section 2.1.1. Generating the

hierarchical TOP-LF output requires a sequence-to-sequence solution as the LF is tree-

structured rather than a label per token. MTOP is a translation of TOP (Gupta et al.,

2018) into French, Spanish, German, Hindi and Thai. Table 2.6 shows a single example

from the MTOP dataset where the logical form output uses tokens from the input

utterance. We consider the outputs from parallel utterances as semantically equivalent,

but note they are typically not identical. The full dataset split is outlined in Table 2.4,

highlighting that different proportions of the original English queries are translated into

each language.

Data Preprocessing We use the same SentencePiece tokenisation for input utterances

for MTOP to match the pre-trained encoder vocabulary. Output LF tokenisation uses

whitespace with additional splitting on brackets (‘[’ or ‘]’) and colons to demarcate

intent and slot names i.e., ‘IN:GET_WEATHER’ split to ‘IN:’ and ‘GET_WEATHER’.

MTOP differs from MultiATIS++SQL due to the presence of input tokens in the

output logical form (e.g., “rain” and “pluie” in Table 2.6). Implementing a parser with

an open vocabulary requires additional engineering effort beyond the parser outlined

in Section 2.2.1. For our cross-lingual case, we observe modelling solutions for an

open vocabulary parser to incur weak generalisation during inference. Exploring a copy

mechanism (Jia and Liang, 2016), we found that the system struggled to copy the correct

tokens when a target language was not observed during training. Additionally, we found

that combining the embedding spaces (i.e., V from domain X and V ′ from domain Y )

led to poor generalisation as the parser will hallucinate incorrect natural language tokens

in the output LF. As an alternative, we pre-process MTOP into a closed vocabulary

format to limit hallucination during decoding. To produce a closed vocabulary, we

use sentinel word preprocessing from spoken language understanding (Raman et al.,

2022). Sentinel preprocessing augments the utterance input with a label word per token,

and replaces this token in the LF with the label. Table 2.7 shows an example of this

relabelling schema. This pre-processing removes utterance tokens from LF outputs for

a total decoder vocabulary of 206 tokens.

MTOP: Space and Case Invariant Exact Match Accuracy We cannot evaluate

MTOP using execution accuracy as TOP-LF outputs are not executable. Rosenbaum
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MTOP (Sentinel)

EN Can you tell me how much rain is expected tonight?

FR Peux-tu me dire quelle quantité de pluie est prévue ce soir?

EN Sentinel word0 Can word1 you word2 tell word3 me word4 how word5 much

word6 rain word7 is word8 expected word9 tonight?

FR Sentinel word0 Peux-tu word1 me word2 dire word3 quelle word4 quantit’e word5

de word6 pluie word7 est word8 pr’evue word9 ce word10 soir?

LF (EN) [IN:GET_WEATHER[SL:WEATHER_ATTRIBUTE rain][SL:DATE_TIME tonight]]

LF (FR) [IN:GET_WEATHER[SL:WEATHER_ATTRIBUTE pluie][SL:DATE_TIME ce soir]]

LF (EN) Sentinel [IN:GET_WEATHER[SL:WEATHER_ATTRIBUTE word6][SL:DATE_TIME word9]]

LF (FR) Sentinel [IN:GET_WEATHER[SL:WEATHER_ATTRIBUTE word6][SL:DATE_TIME word9 word10]]

Table 2.7: Example of sentinel word preprocessing (Raman et al., 2022) to produce a

closed decoder vocabular for MTOP Li et al. (2021). Each utterance token is given a

label ‘wordi’ for token index ‘i’. The respective token is replaced in the LF by string

matching.

et al. (2022) propose Space and Case Invariant Exact-Match (SCIEM) accuracy for

evaluating TOP-LF outputs. This evaluates if the generated LF matches the gold LF by

comparing output tokens. SCIEM accuracy preprocesses an output LF by normalising

spacing and casing in outputs; evaluating the processed output against the preprocessed

gold logical form. For SCIEM normalising function, SCIEM, this metric is computed as

Equation (2.11).

SCIEM (ŷ) == SCIEM (y) SCIEM accuracy for prediction ŷ (2.11)

SCIEM accuracy does not evaluate if the predicted LF has an equivalent meaning to

the gold LF. Evaluating the tokens of the LF is a more literal metric testing if the logical

form is ‘correct’, and is sensitive to spuriousness unlike Execution Accuracy. Both

forms of evaluation are complementary within our experiments to verify that generated

logical forms are accurate on a surface-form and semantic level.
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2.4 Cross-lingual Transfer as Generalisation

2.4.1 Sampling Distributions for Data

We define some true distribution over the data for our task as D. Sampling from this

distribution in Equation (2.12) yields paired data examples of English language input

utterances, xEN, and output logical forms y. We describe the expected loss for the true

distribution under function f , with parameters θ, as Equation (2.13) where the loss, ℓ is

the negative log-likelihood function defined in Equation (2.9).

(xEN, y)∼D (2.12)

ℓD (θ) = E(x,y)∼D [ℓ(x, y)] (2.13)

ℓD defines the upper-bound performance of the parser as the distribution p f when

observing the true D . Note we consider minimum loss and maximum parsing accuracy

as dual characteristics of f . However, D is not observable as we do not have access to

infinite data to define the entire distribution. Therefore, we approximate ℓD using an

empirical estimate, ℓS (θ), as Equation (2.14). The empirical estimate ℓ is learned from

data sample S comprising n examples, {(xi,yi)}n
i=1 i.e., the training data.

ℓS (θ) =
1
n ∑

S∼D
ℓ(x, y) (2.14)

We aim to learn some parameter setting, θ, minimising the error between LD and

LS . This is defined as the generalisation error in Equation (2.15).

∆g = ℓD (θ)− ℓS (θ) (2.15)

In typical machine learning scenarios, minimising ∆g encompasses generalising

from training data to held-out test data sampled from the same true distribution. The

error ∆g describes the in-distribution generalisation goal if sample S adequately approx-

imates true distribution D .

In cross-lingual terminology, we can only sample from the true distribution for

English (D) but desire to generalise to additional languages such as French (DFR) or

Hindi (DHI). We generalise these distributions to a true distribution for any target

language, l, as Equation (2.16). Here we produce sample Sl from language l comprising
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N pairs of input-output examples. We define D∗ as sampled from the set of true

distributions for L target languages in Equation (2.17). The objective in cross-lingual

transfer is for a model trained on the empirical estimate ℓS (θ) to generalise to any

true target language distribution. The cross-lingual transfer objective minimises the

cross-lingual generalisation error, or cross-lingual transfer gap4 in Equation (2.18).

More generally, this is an out-of-distribution generalisation objective.

Sl = {(xl, y)}N
i=1 ∼Dl (2.16)

D∗ ∼ {D1, . . . ,DL}, l = {1, . . . ,L} (2.17)

∆x = ℓD∗ (θ)− ℓS (θ) (2.18)

We assume that our target language evaluation data for each dataset is an accurate

held-out sample of D∗. The contributions in this thesis consider different strategies for

sampling S to generalise to D∗. The case study in Section 1.4 can be considered an

exercise in building S for this generalisation objective. We now define the three core

scenarios for sampling S in this thesis.

Generalisation from Silver-standard Data uses an intermediate data generator, e.g.,

machine translation, to simulate language-specific distributions. In the case study

context, this approach assumes sampling Dl for training data is too expensive. Chapter 3

proposes an economical strategy to maximise parsing accuracy using an intermediary

machine translation system for synthetic data. We first examine a TRANSLATE TEST

setup: using machine translation for test data by translating this data into English

and predicting outputs using a model trained on English data. We then examine

a TRANSLATE TRAIN setup: using machine translation to approximate Dl without

sampling the true distribution. Both approaches consider building a parser to generalise

to Dl using synthetic samples.

Zero-Shot Generalisation proposes to generalise to Dl without using synthetic dis-

tributions (as above), and without sampling Dl . The training sample S contains no

samples from the Dl distribution for any target language l. In Chapter 4, we propose a

zero-shot parser by sampling distributions for alternative tasks with available data. This

is permitted as Dl is a task-specific distribution of paired data for semantic parsing only.

4The corollary is the cross-lingual transfer penalty as the difference in performance (accuracy)
between source and target language.
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Few-Shot Generalisation is a more relaxed constraint that few samples from Dl

are permitted for cross-lingual generalisation during training. We sample Dl for a

small set of labelled examples, Sl ∼Dl , to augment the English-language data during

training. Few-shot transfer considers how few samples are required to minimise the

cross-lingual transfer gap in Equation (2.18). We propose few-shot generalisation

strategies in Chapter 5 and Chapter 6 for the case study objective.

Measuring Cross-lingual Transfer The aim of this thesis is not to achieve 100.0%

accuracy on all datasets. The error in Equation (2.18) outlines that the aim is perfor-

mance parity between languages such that a system performs equivalently regardless of

utterance language. For example, a system reporting 77.4% accuracy for English should

achieve 77.4% accuracy for German. Ideally, a system would report greater accuracy

from learning mutually useful features for multiple languages. Contributions solely

to improve this 77.4% accuracy to 100.0% in English are orthogonal to our contribu-

tions. The upper bounds in our experiments are trained on each language, and a system

trained on all data in all languages representing the expensive ideal scenario where

100% target language translation is possible. We propose methods to reach, or surpass,

these upper bounds with minimal data. We report an average across target languages

(TARGET AVG.) as the key metric reporting average improvement in cross-lingual

transfer. To measure the improvement between models for this objective, we report

statistical significance where possible. We use the Wilcoxon ranked sign test (Wilcoxon,

1945) to evaluate independent samples across test datasets with a significance threshold

of p < 0.01.

2.4.2 Cross-lingual Representation Alignment

The cross-lingual generalisation error defined in Equation (2.18) provides a simplified

metric for evaluating success. However, this scalar does not introspect whether the

parser is encoding and organising the language understanding capability similarly for

different languages. We argue that variations in a natural language’s surface forms

should express the same underlying semantics. We desire to analyse and inspect if this

multilingual semantic similarity is being adequately encoded. To yield this insight, we

study the cross-lingual transfer objective as a cross-lingual representation alignment

problem.

Consider the semantics of different parallel inputs mapping to an equivalent output, y.
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Sequence-to-sequence modelling delegates the distinct responsibilities of understanding

x and generating y to the encoder and decoder respectively. Therefore, the encoder

maps different x to the same latent representation to guarantee generating the same y

regardless of natural language. Consider parallel encodings EEN and El from parallel

input sentences in Equation (2.19) and Equation (2.20) respectively. A decoder, Gψ,

trained only with English data is likely to correctly interpret EEN to generate an accurate

prediction ŷEN in Equation (2.21). If EEN and El are distant and the decoder has not

observed this representation, we argue the decoder is unlikely to correctly map El to an

accurate prediction ŷl equivalent to ŷEN .

EEN = Qφ (xEN) Latent encoding from input in English (2.19)

El = Qφ (xl) Latent encoding from input in l (2.20)

ŷEN = Gψ (EEN) Decode encoding of English to logical form (2.21)

ŷl = Gψ (El) Decode encoding of l to logical form (2.22)

xEN ̸= xl Equivalent semantics in languages English and l (2.23)

Qφ (xEN)≈ Qφ (xl) Approximately similar latent encodings (2.24)

ŷEN = ŷl Parse to the same logical form (2.25)

As the decoder is simply interpreting the given latent representation, we consider this

as an encoding challenge: desiring El ≈EEN by optimising Qφ i.e., Equation (2.24). The

ideal case is language agnostic representations from Qφ for equivalent outputs, y, from

encodings in any language. We assume this subsequently minimises the cross-lingual

generalisation error, and validate this assumption through analysis in each chapter. We

study the latent representation space from each system by computing a representation

for each input sequence, x, by pooling the token-level encodings in Equation (2.26).

qx =
1
T ∑

t∈T
Qφ (x)t (2.26)

We use t-SNE (van der Maaten and Hinton, 2008) to visualise the relationships be-

tween encodings from different languages. We note that the distances between clusters

in t-SNE are generally not meaningful, but the separability of clusters provides valuable

insight into cross-lingual semantic similarity. We complement this visualisation with

quantitative analysis on the high-dimensional qx representations before t-SNE dimen-

sionality reduction. We consider two measurements of representation similarity for our
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analysis. First, we evaluate the average cosine similarity between representations of

parallel utterances. This provides an absolute measurement of similarity where zero

represents no similarity (perpendicular in vector space) and one represents identical

representations. For L target languages, we measure cosine similarity between each

representation and the source English representation and average over L measurements.

This is averaged over the test set for a single metric. We also report average Top-k
ranked similarity as a measurement of relative similarity between representations in

the latent space. For a representation qx from language l, we rank all other represen-

tations from L target languages and English by cosine similarity. We then evaluate if

a parallel utterance in any other language (¬l) is within the top k most similar repre-

sentations. This evaluates if the representations of similar meaning are closer in latent

space than a representation of arbitrarily different natural language. As we expect para-

phrases and potential duplicates in datasets, we consider Top-1, Top-5, and Top-10 (i.e.,

k = {1,5,10}) ranked similarity to allow for semantic equivalence in k sized clusters.

2.5 Summary

This chapter outlines the objectives of the thesis and details the relevant data and mod-

elling resources we use in our contributions. Our contributions build on the Transformer

model defined in Section 2.2 for the cross-lingual representation alignment objective

defined in Section 2.4. Chapters 3 to 6 now details the contributions of this thesis using

the measurement of success in cross-lingual transfer, as defined in Section 2.4.2, to

evaluate our central hypothesis concerning representation alignment for cross-lingual

semantic parsing.



Chapter 3

The Role of Machine Translation in

Cross-lingual Transfer

In this chapter, we investigate if automatic machine translation (MT) is a viable cross-

lingual transfer tool for our case study. In an ideal scenario, we would require no

additional annotation or effort to produce a system capable of parsing all target lan-

guages. Kann (2023) propose that perfect machine translation would eliminate the need

for modelling cross-lingual transfer. Exploiting MT offers multiple benefits addressing

our overarching hypothesis. Translation resources are available between many language

pairs (Koehn et al., 2022) and can be sourced either for free (e.g., the open source OPUS

system (Tiedemann and Thottingal, 2020)), or at a low cost per translation (e.g., Google

Translate (Wu et al., 2016)). Furthermore, perfect MT would offer a rapid, economical

strategy to parse any target language equivalently to our upper bounds. Before we

consider any novel modelling (i.e., in Chapters 4 to 6), we first consider if machine

translation is the simplest and fastest route to cross-lingual semantic parsing.

We frame the translation pipeline as an intermediary tool to simulate a natural

language using ‘silver-standard’ synthetic samples from a different natural language.

If this simulation is accurate, training or inference using MT will perform comparably

to the equivalent model using gold-standard translated data (‘gold data’). Machine

translation has proved an adequate language simulation for classification tasks (Conneau

et al., 2018a), but can struggle to represent fine-grained semantics across languages

(Artetxe et al., 2020). For our task, any MT system must generate fluent utterances

in each target language to accurately imitate how a native speaker would compose

a question. A machine translation must also be faithful to the original utterance,

with equivalent underlying semantics, to map to an equivalent logical form (LF). MT

39
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without fluent and faithful translations introduces errors leading to weaker cross-lingual

generalisation.

First, we consider using translation during inference to predict an LF using the

existing model for English i.e., the TRANSLATE TEST pipeline (Conneau et al., 2018a).

A target language utterance is translated from the respective target language into En-

glish, and this synthetic English utterance is input to a parser trained on the source

English dataset. Using TRANSLATE TEST enables parsing of target languages without

developing any additional parsing models as the parser for English utterances already

exists. TRANSLATE TEST is a widely successful strategy for cross-lingual classification

tasks (Artetxe et al., 2023), however, semantic parsing is additionally challenging by re-

quiring accurate representations of entities, reasoning about relationships, and inferring

context. This challenge may require direct modelling of target languages for accurate

parsing.

Second, we consider the inverse case where we translate during training to build a

parser using pairs of machine-translated utterances and logical forms i.e., the TRANS-

LATE TRAIN pipeline (Conneau et al., 2018a). The source English dataset is translated

into each target language, and a parser model is trained on these synthetic target lan-

guage utterances paired with equivalent logical forms. This parser is used to predict

logical forms from gold target language utterances during inference. This pipeline

requires training more models than TRANSLATE TEST but can be further optimised

to improve the approximation of each target language using data augmentation and

multilingual modelling (Singh et al., 2019a; Edunov et al., 2020).

In this chapter, we consider the hypothesis that machine translation adequately
approximates natural language for cross-lingual transfer in semantic parsing.

We examine TRANSLATE TEST or TRANSLATE TRAIN for our task in the context of

advancing progress in neural machine translation (NLLB Team et al., 2022). Using each

pipeline, we present an analysis of how MT approximates a native speaker (including

variation in question structure, formality, and tone). Owing to the fine-grained semantic

transfer required of our task, we can precisely analyse and identify where MT is, and

is not, suitable for cross-lingual semantic parsing. We observe that individual MT

systems produce different styles of output translation varying in fluency and faithfulness.

This limits the performance ceiling for TRANSLATE TEST, which cannot model the

style of synthetic English utterances by design (Riley et al., 2020). For TRANSLATE

TRAIN, we can mitigate the error from any one system by querying multiple machine

translation systems to produce target language paraphrases as data augmentation. We
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propose to further improve the TRANSLATE TRAIN pipeline by modelling multiple

MT systems as parallel language models ensembled into a single parser model. This

system: FATES: Fused Attention Transformer Ensembling for Semantic Parsing uses

multiple encoders to model each MT system output independently, and then fuses these

‘perspectives’ on a target language to predict a logical form. Our experimental results on

MULTIATIS++SQL and MTOP validate that paraphrase-based data augmentation and

ensembled language modelling can maximise parsing when limited to silver-standard

data.

3.1 Problem Formulation

This chapter examines the economical approach to building a semantic parser using

machine translation. In the distribution sampling framework outlined in Section 2.4.1,

our objective is to produce a parser capable of generalising to a target language dis-

tribution, Dl , subject to the inability to sample from this distribution. As we cannot

sample Dl , we instead use a translation system to approximate a distribution with

‘silver standard’ synthetic data. Parser evaluation uses gold data from each language to

evaluate generalisation to Dl , observing samples from MT approximating Dl . A parser

with a lower generalisation error between MT and gold distributions is said to be robust

to the transfer from synthetic to authentic samples of a language.

Machine translation is a widely used resource for generating translations of text in a

desired language with MT systems ever improving and expanding to new languages

(Koehn et al., 2022). Open-source MT models are often state-of-the-art on competitive

benchmarks such as the Conference on Machine Translation (WMT) with successive

years of WMT measuring progress in translation capability and evaluation. Within

semantic parsing, Duong et al. (2017b) and Moradshahi et al. (2020) validate that

machine translation forms a noisy, but reasonable, synthetic approximation to a target

language.

3.1.1 Translation at Inference

We propose that the fastest and cheapest strategy for expanding supported languages in

our case study is to translate utterances into English during inference. Inference time

translation can be input to the existing semantic parser for English to predict a logical

form i.e., the TRANSLATE TEST pipeline (Conneau et al., 2018a). This requires no
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forms from the source data, {y}m
i=1, to create a synthetic training dataset, S MT

l , for

language l in Equation (3.3). The data S MT
l are synthetic samples from the true target

language distribution via sampling from the output of the MT system. Equation (3.4)

describes the ideal scenario for perfect machine translation when S MT
l approximates an

authentic sample Sl .

S MT
l = {x̄i, y}n

i=1 (3.3)

S MT
l ≈ Sl (3.4)

First, we study if the parser trained on a singular SMT
l generalises to data from the

true distribution Dl . We propose to use high-quality machine translation systems for syn-

thetic training data in every target language. We select four machine translation systems

across different sources and model sizes (discussed below in Section 3.2.2). Sherborne

et al. (2020) originally considered commercial MT for this task, however, these outputs

are not reproducible given the unknown implementation behind commercial models.

For transparency and reproducibility, we consider only open-source neural machine

translation systems in this thesis. We generally observe that open-source MT produces

a comparable parser as our results in Section 3.3 are similar, or superior, to the original

findings in Sherborne et al. (2020).

While TRANSLATE TRAIN requires more modelling effort to train a parser than

TRANSLATE TEST, the approximation of the target language can be improved using

augmentations described in Section 3.1.4 and Section 3.1.5 respectively. Additionally,

directly modelling target languages allows a model to benefit from the diverse pre-

training resources and shared linguistic features from multilingual modelling (Philippy

et al., 2023).

3.1.3 Semantic Parsing with Machine Translation

We build a parser mapping from natural language x to logical form y as an encoder-

decoder Transformer defined in Section 2.2.1. For the TRANSLATE TRAIN parser,

the encoding process is expressed as Equation (3.5), and the decoding process is

Equation (3.6).

Ē = Qφ (x̄l) Encode MT input into vector (3.5)

ŷ = Gψ (Ē) Predict LF from vector encoding (3.6)
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This process differs from Section 2.2.1 by explicitly labeling x̄l as a translated

sentence from Equation (3.2) in some language l. Optimisation uses the same cross-

entropy loss for predicted ŷ in Section 2.2.2. Following training, evaluation predicts a

logical form from gold utterance xl via Equations (3.7) and (3.8).

E = Qφ (xl) Predict encoding vector (3.7)

ŷ = Gψ (E) Predict logical form (3.8)

Successful machine translation can build an accurate and generalisable semantic

parser capable of mapping utterances from native speakers to logical forms. How-

ever, even modern, state-of-the-art MT systems are prone to errors which can damage

parsing performance. Errors in MT can result in unnatural phrasing (i.e., unnatural

translationese) or an erroneous mapping to an inaccurate logical form (discussed in

Section 3.3.7). The consequential effect is a poorer parser failing to generalise. To

mitigate this issue, we now discuss a data augmentation approach combining outputs

from multiple MT systems.

3.1.4 Ensembling Data with Machine Translation

In Section 3.1.2, we describe the TRANSLATE TRAIN pipeline using a single MT

source to simulate target languages. This singular source will generate a translationese

version of each target language specific to the MT system and respective training

data, architecture, or generation algorithm. We hypothesise that we can improve

our approximate of a target language by combining multiple machine translation

sources into a single training dataset. Singh et al. (2019a) describe this combination

as paraphrasing data augmentation useful for cross-lingual entailment classification

and question answering. We expect that each MT system will produce variants of the

meaning of the source utterance in different surface forms. We propose that diverse

surface forms will be useful for training a parser with silver-standard data. This parser

will be more capable of accurate inference on gold data, as the model has observed more

linguistic variation with equivalent semantics to the logical form. Figure 3.3 outlines

the paraphrase data augmentation within the TRANSLATE TRAIN pipeline.

Formally, we hypothesise that the combination of samples across K approximate

distributions (Equation (3.9)) better approximates the true sample (Equation (3.10))

than any singular sample S MT
l . We discuss the empirical setting of K as part of our

results in Section 3.3.





3.1. Problem Formulation 47

EN I’d like the cheapest one way fare from Boston to San Francisco

FR J’aimerais trouver le tarif aller simple le moins cher de Boston à San Francisco.

OPUS J’aimerais le prix le moins cher de Boston à San Francisco.

M2M1001.2B J’aimerais le prix le moins cher à partir de Boston à San Francisco.

NLLB3.3B Je voudrais le billet aller simple le moins cher de Boston à San Francisco.

NLLB1.3B Je voudrais le billet le moins cher de Boston à San Francisco.

EN Get my texts from Jeannine and Josh.

FR Obtenez mes textos de Jeannine et Josh.

OPUS Obtenez mes textos de Jeannine et Josh.

M2M1001.2B Recevez mes textes de Jeannine et Josh.

NLLB3.3B Je reçois les messages de Jeannine et Josh.

NLLB1.3B Je veux mes messages de Jeannine et Josh.

Table 3.1: Examples from ATIS (upper) and MTOP (lower) from source annotators

(English, EN), professional translators (French, FR), and four machine translation sys-

tems. We propose to use the variation in output from different MT systems for data

augmentation to train a semantic parser. The intuition is that increasing the variation

in query structure will improve the approximation of target languages and, therefore,

improve parsing of languages without gold-standard training data.

3.1.5 FATES: Ensembling Parallel Encoders

The encoder, Eφ, within the parser, is responsible for mapping from natural language

inputs to contextual vector representations in some latent space of fixed dimensionality.

Considering input xEN or translated input x̄l map to the equivalent y, we approximately

describe the encoder as responsible for the natural language understanding within

the model. Complementing this, the decoder is responsible for the formal language

generation. Informally, the encoder parameters φ control the model ‘perspective’ on

language understanding, informed by training data SMT
l for target language l and each

MT system. Considering the variation in parallel MT inputs from different sources

(from Section 3.1.4), we frame each paraphrase as a different interpretation of the target

language. We hypothesise that the variation in surface form expression from different

MT sources can be better combined by learning MT source-specific sub-encoders.

Equations (3.11) to (3.13) illustrate parallel encodings Ēk for K MT sources using

parallel encoders Qφ−k with distinct parameters φ− k. Each source-specific encoder





3.1. Problem Formulation 49

synthetic data defined in Section 3.1.4 formatted as Equation (3.14) pairing output y

with K parallel translations from different MT systems. Similar to Section 3.1.4, we

examine the setting of K encoders from parallel sources in Section 3.3.

S MT−K = {x̄i
l−1, x̄i

l−2, . . . , x̄
i
l−K,y

i}N
i=0 (3.14)

The FATES encoders and decoder follow the structure given in Section 2.2.1, with

an additional fusion layer to combine the parallel encoders. For K parallel inputs

with lengths Tk: parallel encodings, Ēk ∈ RTk×d , are fused into a single state, ĒFuse ∈
Rmaxk(Tk)×d , through Equation (3.15). The combined ĒFuse replaces the typical encoder

output, E ∈ RT×d in the encoder-decoder cross-attention layer of the Transformer

decoder (Equation (3.16)). Therefore enabling the decoder to simultaneously attend to

the fused perspectives of each encoder.

ĒFuse = Fuse
(
Ē1, . . . , ĒK) (3.15)

D′ = MultiHeadAttention(Query = D, Key = ĒFuse, Value = ĒFuse) (3.16)

Equation (3.17) defines our options for the Fuse function. We consider no fusing

by concatenating the encodings, a geometric mean over encodings (Mean), or a gating

network following similar ensembling methods for machine translation (Garmash and

Monz, 2016; Firat et al., 2016). The gating function computes a weighting for each of

K encodings such that each encoding contributes a varying ratio of useful information

to the ensemble. The intuition is that the gating function uses learnable parameters

adaptively selecting important features from each input during fusion. Equation (3.18)

defines the gating function g with learnable parameters Wg ∈ RK×d, Wh ∈ Rd×Kd . As

each gating probability gk sums to one, the gating network in the model must decide

which proportion of K encodings is most beneficial for the task objective via observing

all encodings globally. We also observe the fusion layer as a necessary bottleneck

to control for the magnitude variability in the non-probabilistic encodings, Ek. As

these encodings lack any formal structure (e.g., the variational reparameterisation used

later in chapter 6), we identify a utility in providing a combined and (approximately)

normalised encoder output to attend to. Section 3.3 identifies how concatenation (i.e.,

no real fusion) is suboptimal compared to mean-pooling or a gating mechanism.
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English What’s the name of the Denver airport?

Spanish ¿Cuál es el nombre del aeropuerto de Denver?

SQL SELECT DISTINCT airport_1.airport_code FROM airport airport_1,

airport_service airport_service_1, city city_1 WHERE

airport_1.airport_code = airport_service_1.airport_code

AND airport_service_1.city_code = city_1.city_code AND

city_1.city_name = D́ENVER;́

English Get my texts from Jeannine and Josh.

French Obtenez mes textos de Jeannine et Josh.

TOP-LF [IN GET_MESSAGE [SL RECIPIENT Jeannine] [SL RECIPIENT Josh]]

Table 3.2: Data examples for MultiATIS++SQL (Chapter 2), and MTOP (Li et al., 2021).

We show the source English sentence, the gold-standard professional translation, and

the logical form in respective LF language. Similar to Table 3.13.

Fuse
(
Ē1, . . . , ĒK)=


[
Ē1; . . . ; ĒK] (Concatenate)

1
K ∑

K
k=1 Ēk (Mean)

∑
K
k=1 gkĒk (Gated)

(3.17)

g1,...,K = softmax
(
Wg tanh

(
Wh[Ē1; . . . ; ĒK]

))
(3.18)

We contrast FATES with the paraphrasing augmentation outlined in Section 3.1.4.

We also contrast to single source TRANSLATE TEST and TRANSLATE TRAIN as

baselines.

3.2 Experiments

3.2.1 Datasets

MultiATIS++SQL For TRANSLATE TEST, we use the gold test data in target languages:

French (FR), Portuguese (PT), Spanish (ES), German (DE), and Chinese (ZH). Each

utterance is translated to English (see Section 3.2.2) and used to predict a logical
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form. Accurate TRANSLATE TEST inference will output an identical SQL LF from

any target language. For TRANSLATE TRAIN and our augmented approaches, we use

the English training utterances translated to each target language to produce training

data. Section 2.3.1 details a complete description of MultiATIS++SQL.

MTOP We similarly evaluate TRANSLATE TEST using the gold test data in target

languages: French (FR), Spanish (ES), German (DE), Hindi (HI), and Thai (TH). Each

utterance is translated into English to predict a logical form. Similarly, TRANSLATE

TRAIN uses machine translation from English to target languages to generate training

data. A complete description of MTOP is given in Section 2.3.2.

MTOP differs from MultiATIS++SQL as the output LFs are semantically equivalent

but not identical across languages. The LFs contain tokens from the input utterance in

each language, and we replace these tokens with sentinel word labels (see description

in Section 2.3.2). To produce translated data which matches this formatting, we must

replace these tokens in the LF outputs of translated utterance inputs. For example,

if the entity ‘Jeannine’ in the MTOP example in Table 3.2 moves from word 4 to

word 2 in the translated sentence, the corresponding LF must replace ‘word4’ for

‘word2’ to maintain an accurate TOP-LF output. For this preprocessing step, we follow

Rosenbaum et al. (2022) in using SimAlign (Jalili Sabet et al., 2020) for cross-lingual

word alignment. SimAlign is an automatic multilingual BERT-based word alignment

toolkit which supports all our target languages for MTOP. SimAlign receives the original

and translated utterances as input and outputs an alignment matrix of lexical similarity

pairs. We use this matrix to modify TOP-LF outputs for each translated dataset imitating

gold standard input-output pairs for any language. We can now expect TRANSLATE

TEST and TRANSLATE TRAIN data to match the structure of the gold MTOP examples

with a closed decoder vocabulary. We note that we do not require this word alignment

tool in later chapters which do not use synthetic training data.

3.2.2 Translation Systems

Table 3.3 outlines the key features of each MT system we consider in this thesis

for TRANSLATE TEST as MTl→EN, and for TRANSLATE TRAIN as MTEN→l . We

use a range of competitive >1B parameter MT Transformer models (NLLB variants,

M2M100) supporting multidirectional translation (i.e., not tuned for a specific input-

output language pair). We also consider the smaller OPUS Transformer models which
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Name Source Model Type MT Direction Languages Parameters

OPUS Tiedemann and Thottingal (2020) Transformer EN→ l, l→ EN 231 ∼78M

M2M1001.2B Fan et al. (2021) Transformer Any↔Any 100 1.2B

NLLB1.3B NLLB Team et al. (2022) Transformer Any↔Any 200 1.3B

NLLB3.3B NLLB Team et al. (2022) Transformer Any↔Any 200 3.3B

Table 3.3: Comparison between the MT systems we evaluate in this chapter. We consider

three > 1 billion parameter multilingual MT systems with competitive performance in all

MT directions. TRANSLATE TRAIN uses the EN→ l MT direction and TRANSLATE TEST

uses the l →EN.

comprise many pairwise bilingual MT models. OPUS supports 233 source languages

and 231 target languages for 1739 total possible MT directions. OPUS is competitive

over multiple MT benchmarks (Tiedemann and Thottingal, 2020) and is more efficient

during inference owing to smaller model sizes.

We verify the suitability of these systems by computing the sentence-level BLEU

score (Papineni et al., 2002) between predicted translations and the gold-standard

training data over all languages in MultiATIS++SQL and MTOP. We report the BLEU

scores and language- and system-level averages in Table 3.4. For MultiATIS++SQL,

we observe high-performance translation for NLLB and M2M100 models on Indo-

European languages. All models perform similarly on MTOP with OPUS reporting

better translation than larger models in some languages. These scores support the

argument that different MT sources have different characteristics and suggest MT could

be useful as a target language paraphrase generator in semantic parsing. We estimate that

lower BLEU scores for Asian languages (Chinese, Thai) are attributable to differences

in tokenisation between MT systems and gold-standard data.

3.2.3 Experimental Setting

3.2.3.1 Setting and Comparison

MONOLINGUAL Gold A monolingual Transformer model is trained on the gold

training dataset for each target language. The model follows the encoder-decoder

architecture outlined in Section 2.2.1 using the same MBART50 pre-trained encoder.

This model represents the monolingual performance upper-bound for each language

without any data constraints.
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MultiATIS++SQL

MT System FR PT ES DE ZH Avg. (System)

OPUS Tiedemann and Thottingal (2020) 46.4 49.7 42.8 32.0 4.6 35.1

M2M1001.2B Fan et al. (2021) 80.5 85.1 51.4 29.9 5.1 50.4

NLLB1.3B NLLB Team et al. (2022) 80.5 93.1 51.4 63.6 6.9 59.1

NLLB3.3B NLLB Team et al. (2022) 59.3 91.9 41.5 62.6 5.3 52.1

Avg. (Language) 66.6 79.9 46.8 47.0 5.5

MTOP

MT System FR ES DE HI TH Avg. (System)

OPUS Tiedemann and Thottingal (2020) 30.7 39.3 21.7 25.1 6.6 24.7

M2M1001.2B Fan et al. (2021) 15.1 39.3 23.0 37.8 14.3 25.9

NLLB1.3B NLLB Team et al. (2022) 15.1 39.3 21.7 23.1 18.6 23.6

NLLB3.3B NLLB Team et al. (2022) 17.8 41.5 21.7 23.1 14.5 23.7

Avg. (Language) 19.7 39.8 22.0 27.3 13.5

Table 3.4: Sentence-level BLEU score (Papineni et al., 2002) between machine translated

training split and gold training split across ATIS (Hemphill et al., 1990) and MTOP (Li et al.,

2021). We report metrics for six different target languages (French, Portuguese, Spanish,

Chinese, Hindi, Thai). We select high quality MT systems which can generate accurate

translations in many languages. Most BLEU scores are similar across different systems

identifying the ease or difficulty of the translation task. Most systems do not produce

identical outputs suggesting combining from multiple MT sources may be advantageous.

MULTILINGUAL Gold A multilingual Transformer is trained on the union of all

professionally translated data from individual MONOLINGUAL Gold models for each

dataset. This follows the same Transformer architecture as MONOLINGUAL Gold. This

model is the multilingual performance upper-bound for each language—representing

the potential performance with access to many high-quality training data examples in

every target language.

EN Only The monolingual Transformer for English from the MONOLINGUAL Gold

upper-bound is used to predict logical forms directly from target language test utter-

ances without machine translation. This is a zero-shot lower-bound for our models,

representing the minimum performance training a model on English and predicting on

target languages without engineering any specific target language parsing capability or

cross-lingual representation alignment.
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TRANSLATE TEST As discussed in Section 3.1.1, we predict a logical form through

the parser for English by simulating the source language using machine translation.

This is a translation lower-bound for our methods representing the current capability

of the English parser to map translated target languages to logical forms without any

additional target language models. In Section 3.3.2, we also analyse if any other natural

languages are appropriate pivot languages for TRANSLATE TEST i.e., if any target

language is a better language than English for TRANSLATE TEST inference.

TRANSLATE TRAIN Monolingual Similarly discussed in Section 3.1.2, we use transla-

tion to generate target language training data and train a parser on this data as described

in Section 3.1.3. This model is a translation lower-bound for our methods as the

minimum target language performance using a single MT source training on a singular

target language.

TRANSLATE TRAIN Multilingual This is a multilingual version of TRANSLATE TRAIN

Monolingual, wherein we train a single parser model for all target languages. This

model may benefit from additional combined training data and combined multilingual

modelling allowing feature sharing across target languages.

Silver-standard Data in Large Language models We compare to two methods for

parsing MTOP using silver-standard data. First, “Translate-and-Fill” (Nicosia et al.,

2021, TaF) generates training data using the mT5 pre-trained model (Xue et al., 2021),

and then uses the same pre-trained model to project the word alignment labels similar

to our method using SimAlign in Section 3.2.1. TaF then trains a parser using this

synthetic data. The parser is based on mT5-large with 700 million parameters, or mT5-

XL with 3.3 billion parameters. Second, CLASP (Rosenbaum et al., 2022) uses MT

and prompting to generate multilingual training data. This data is preprocessed using

sentinel labels similar to our process in Section 2.3.2 but uses string-matching-based

replacement to process the translated utterances. A parser based on the 500 million

parameter AlexaTM-500M (FitzGerald et al., 2022) is then trained on this synthetic data.

Both prior works employ some variant of TRANSLATE TRAIN using larger pre-trained

base models to compensate for synthetic data quality. In this chapter, we compare

our smaller model to these techniques with similar quality data. In later chapters, we

comment on how using alternative methods (including gold data) with the same smaller

model can improve on these prior results.
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EN FR PT ES DE ZH TARGET AVG.

Lower EN Only 77.2 61.3 42.5 46.5 50.2 38.5 47.8

Upper MONOLINGUAL Gold 72.3 74.2 72.5 71.5 73.2 73.0 72.9

MULTILINGUAL Gold 74.9 74.2 73.0 70.4 74.6 73.7 73.2

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

Lower EN Only 72.4 42.0 43.9 46.8 23.1 12.8 33.7

Upper MONOLINGUAL Gold 72.4 66.5 69.5 62.4 59.4 53.0 62.2

MULTILINGUAL Gold 75.5 69.7 72.4 67.9 65.5 54.6 66.0

(b) MTOP

Table 3.5: Results for (a) MultiATIS++SQL execution accuracy and (b) MTOP SCIEM

accuracy for zero-shot transfer lower bound and gold data upper bounds. Lower bound

performance assumes only English data and no machine translation. Upper bound

performance represents an ideal scenario without resource constraints in any target

language. The significant best TARGET AVG. performance is bolded.

3.2.3.2 Model Training

Our experimental setup largely follows the template of Section 2.2. The model is a

Transformer (Vaswani et al., 2017) encoder-decoder. The encoder is pre-trained using

the MBART50 pre-trained model and the decoder parameters are randomly initialised.

For the FATES model: we select K parallel encoders receiving parallel inputs from

K different MT systems. The parallel encoders in FATES are all similarly initialised

using the encoder parameters from MBART50. We report analysis on both the setting

of K parallel inputs and the choice of fusion function (Equation (3.17)). The fusion

parameters in FATES match the decoder dimensionality (d = 1,024) and are randomly

initialised similar to the decoder.



56 Chapter 3. The Role of Machine Translation in Cross-lingual Transfer

3.3 Results

3.3.1 What are the Upper and Lower Bounds?

We first consider the performance lower and upper bounds applicable to FATES, and the

contributions in Chapters 4 to 6. The lower bound systems represent the minimum viabil-

ity for our contributions, and the upper bounds represent the ideal scenario using 100%

translation into target languages. Table 3.5 shows both bounds for MultiATIS++SQL

and MTOP. The lower bound uses only cross-linguistic information from multilingual

pre-training for cross-lingual transfer after fine-tuning on English data. Our ‘EN Only’

results identify that this lower bound is insufficient for accurate cross-lingual transfer.

Compared to the ‘MONOLINGUAL’ upper bound average, the lower bound is −25.1%

weaker for MultiATIS++SQL and −28.4% weaker for MTOP. This gap is largest for

languages dissimilar to English, with −34.5% gap for ZH in MultiATIS++SQL, and

−40.2% gap for TH in MTOP. This contrast is indicative of challenging cross-lingual

transfer to languages which share few features to minimally benefit from multilingual

pre-training. The overall contrast identifies there is a large gap in potential progress to

improve parsing beyond the lower bound without the required effort of the upper bound.

Comparing across upper bounds, we identify that ‘MULTILINGUAL Gold’ is signif-

icantly superior to ‘MONOLINGUAL Gold’ modelling. We observe improvement for

both source EN, and the average across target languages. This overall improvement

suggests that at our model and dataset sizes — we are unlikely to observe the curse

of multilinguality proposed in Conneau et al. (2018b) i.e., the system is is unlikely to

perform worse overall from training on more input languages. While ‘MULTILINGUAL

Gold’ is overall superior, the ‘MONOLINGUAL Gold’ is competitive in each language.

In four of five target languages, the monolingual MultiATIS++SQL accuracy improves

over the performance for English. Overall, our upper bound results highlight the benefit

of access to high-quality training data in each target language.

3.3.2 Is TRANSLATE TEST Competitive with the Upper Bound?

Automatic translation is the fastest and most cost-effective strategy for cross-lingual

semantic parsing in our case study. If MT is viable, then engineering effort and cost in

producing target language parsers can be circumvented. Given the established bounds,

we now consider the economical TRANSLATE TEST strategy using the ‘MONOLINGUAL

Gold’ parser for EN to predict logical forms using machine translation (from language l
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EN FR PT ES DE ZH TARGET AVG.

Lower Bound EN Only 77.2 61.3 42.5 46.5 50.2 38.5 47.8

Upper Bound MONOLINGUAL Gold 72.3 74.2 72.5 71.5 73.2 73.0 72.9

MULTILINGUAL Gold 74.9 74.2 73.0 70.4 74.6 73.7 73.2

TRANSLATE TEST OPUS — 57.7 58.1 58.3 58.8 50.9 56.8

M2M1001.2B — 58.8 58.1 59.8 59.1 56.6 58.5

NLLB1.3B — 60.4 58.3 58.8 59.0 58.5 59.0
NLLB3.3B — 56.6 58.8 56.0 59.0 50.9 56.3

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

Lower Bound EN Only 72.4 42.0 43.9 46.8 23.1 12.8 33.7

Upper Bound MONOLINGUAL Gold 72.4 66.5 69.5 62.4 59.4 53.0 62.2

MULTILINGUAL Gold 75.5 69.7 72.4 67.9 65.5 54.6 66.0

TRANSLATE TEST OPUS — 44.9 63.1 39.1 47.1 54.2 49.7

M2M1001.2B — 45.3 63.7 40.3 46.8 53.5 49.9

NLLB1.3B — 45.0 63.4 39.5 46.8 53.9 49.7

NLLB3.3B — 45.5 66.0 39.3 47.0 54.1 50.4

(b) MTOP

Table 3.6: TRANSLATE TEST results for (a) MultiATIS++SQL execution accuracy and

(b) MTOP SCIEM accuracy compared to upper and lower bounds. TRANSLATE TEST

is the fastest strategy for supporting new languages in our parsing pipeline case study.

The significant best TARGET AVG. performance for TRANSLATE TEST is bolded.

to EN) as an intermediary during inference.

Table 3.6 outlines our experiments using one of four possible translation sources

translating into English. ‘TRANSLATE TEST’ proves more capable than the lower

bound across all languages and MT systems. The weakest ‘TRANSLATE TEST’ method

improves on the upper bound by +8.5% average for MultiATIS++SQL and +16.0%

average for MTOP. Practically, these methods are nearly identical except‘ TRANS-

LATE TEST’ adds an MT system before the prediction. Unsurprisingly, simulating

EN improves performance above inference from an utterance in any other input lan-

guage. Across MT sources, different MT systems report different strengths across

individual target languages, with no singular MT system as strictly superior to others.

However, the gain over other models for average improvement is significant (bold in
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Test Language

Train Language EN FR PT ES DE ZH TARGET AVG.

EN 72.3 57.7 58.1 58.3 58.8 50.9 56.8

FR 46.5 74.2 54.9 39.0 68.1 13.6 44.4

PT 54.9 59.9 72.5 28.2 50.9 2.4 39.3

ES 51.9 50.5 42.5 71.5 49.3 4.7 39.8

DE 50.7 67.1 47.4 43.4 73.2 40.8 49.9

ZH 44.6 37.1 24.9 12.0 32.9 73.0 30.3

LANG AVG. 49.7 54.5 45.6 36.2 52.0 22.5

Table 3.7: Execution accuracy for MultiATIS++SQL varying training language for TRANS-

LATE TEST evaluation. We use only OPUS machine translation (Tiedemann and Thot-

tingal, 2020) to produce TRANSLATE TEST inputs. Italics denote the training language

accuracy which other languages should match if translation is accurate. English (EN) is

empirically the best pivot language for TRANSLATE TEST from the best TARGET AVG.

score. We suggest this effect is a function of both translation quality and pre-training

corpora size for the base MBART50 model (Tang et al., 2021).

Table 3.6). We highlight that the improvement from TRANSLATE TEST is insufficient

to compete with the upper bounds, as the strongest ‘TRANSLATE TEST’ is −14.2%

average below ‘MULTILINGUAL Gold’ for MultiATIS++SQL and −15.6% average

below ‘MULTILINGUAL Gold’ for MTOP. ‘TRANSLATE TEST’ performance is also

always below the respective performance for EN. This suggests that our hypothesis

that machine translation is an adequate substitute is potentially invalid, given the lack

of parity between upper bounds and ‘TRANSLATE TEST’. We note that only for TH

MTOP do we observe similar performance between ‘TRANSLATE TEST’ and the upper

bound, but this accuracy is below other languages and can likely be improved overall.

Is English the Best Pivot Language?

Our results for TRANSLATE TEST in Table 3.6 implicitly assume English is the optimal

setting for monolingual modelling to translate into during inference (i.e., the pivot

language). This is a reasonable assumption given the original task is designed for

English and later translated into target languages. English is also the common focus as

the output language in MT (Koehn et al., 2022). However, Moghe et al. (2023a) recently
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highlighted that other languages can perform comparably as the pivot language in low-

resource scenarios. From a linguistic perspective, an ideal pivot language would be the

easiest to translate into. This could manifest with minimal inflectional morphology or

grammatical gender to require fewer assumptions from the MT system during inference.

English has some of these features; but Chinese arguably goes further in having no

inflectional morphology for gender, tense or case (Packard, 2000).

To examine if English is the best pivot in our setup, we evaluate monolingual and

TRANSLATE TEST performance for target languages in MultiATIS++SQL. We test only

OPUS translation as a control and consider if any other language can function as the

TRANSLATE TEST pivot. Our results in Table 3.7 verify that English is empirically

the best pivot language in our task. German and French are the closest competitors

which could potentially be on par with English given additional tuning. Moghe et al.

(2023b) reports wider analysis highlighting that MT metrics have minimal correlation

with parsing performance regardless of pivot language. Consequently, selecting an

appropriate pivot is not possible from MT evaluation alone. Despite an idealised framing

of pivoting through Chinese, we observe the lowest TRANSLATE TEST using ZH as the

pivot. The contrast between in-language performance (73.0%) and the TRANSLATE

TEST accuracy (average 30.3%) highlights that this failure in TRANSLATE TEST is due

to poor MT. Consequently, we argue English is currently the only sensible choice for a

pivot language.

As raised in Section 3.1.1, we consider the ‘TRANSLATE TEST’ as a robust compar-

ison which is inflexible to improve from multilingual modelling or improved represen-

tation alignment. ‘TRANSLATE TEST’ improves parsing by viewing the entire task as

monolingual. However, we have already observed some benefits of multilingual parser

modelling in the contrast between ‘MONOLINGUAL Gold’ and ‘MULTILINGUAL Gold’

upper bounds. We consider if this contrast is also reflected when training on MT data.

Therefore, we now consider the ‘TRANSLATE TRAIN’ framework to contrast directly

modelling a target language with translationese training data.

3.3.3 Is TRANSLATE TRAIN Competitive with the Upper Bound?

Table 3.8 compares single source ‘TRANSLATE TRAIN’ to lower and upper bounds,

the best TRANSLATE TEST system, and recent work using LLMs with synthetic data

for MTOP. In general, we find that single-source ‘TRANSLATE TRAIN’ is weaker

than ‘TRANSLATE TEST’. For MTOP, ‘TRANSLATE TRAIN’ actually performs poorer
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EN FR PT ES DE ZH TARGET AVG.

Lower Bound EN Only 77.2 61.3 42.5 46.5 50.2 38.5 47.8

Upper Bound MONOLINGUAL Gold 72.3 74.2 72.5 71.5 73.2 73.0 72.9

MULTILINGUAL Gold 74.9 74.2 73.0 70.4 74.6 73.7 73.2

TRANSLATE TEST NLLB1.3B (best) — 60.4 58.3 58.8 59.0 58.5 59.0

TRANSLATE TRAIN OPUS — 56.8 39.1 51.8 60.4 59.6 53.5

M2M1001.2B — 59.1 46.1 40.8 63.0 42.9 50.4

NLLB1.3B — 55.8 28.7 43.3 59.0 51.1 47.6

NLLB3.3B — 62.6 50.9 41.6 58.5 50.3 52.8

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

Lower Bound EN Only 72.4 42.0 43.9 46.8 23.1 12.8 33.7

Upper Bound MONOLINGUAL Gold 72.4 66.5 69.5 62.4 59.4 53.0 62.2

MULTILINGUAL Gold 75.5 69.7 72.4 67.9 65.5 54.6 66.0

Prior work TaF mT5-large 83.5 71.1 69.6 70.5 58.1 57.5 65.4

TaF mT5-XL 85.9 74.0 71.5 72.4 61.9 60.2 68.0

CLASP 84.4 72.6 68.1 66.7 58.1 — —

TRANSLATE TEST NLLB3.3B (best) — 45.5 66.0 39.3 47.0 54.1 50.4

TRANSLATE TRAIN OPUS — 24.4 23.1 32.7 22.4 9.5 22.4

M2M1001.2B — 22.2 20.4 28.1 24.8 10.9 21.3

NLLB1.3B — 23.5 23.8 28.3 27.6 8.5 22.3

NLLB3.3B — 23.7 23.4 28.5 27.5 10.4 22.7

(b) MTOP

Table 3.8: TRANSLATE TRAIN results for (a) MultiATIS++SQL execution accuracy and

(b) MTOP SCIEM accuracy compared to upper and lower bounds. We constrast single

source TRANSLATE TRAIN to lower and upper bounds and the best TRANSLATE TEST

result. For MTOP, we also compare to Translate-and-Fill (Nicosia et al., 2021, TaF), and

CLASP (Rosenbaum et al., 2022). These methods use large language models with

silver standard data as an alternative formulation of TRANSLATE TRAIN.
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than the zero-shot lower bound. In no dataset or language is it observed that single

source TRANSLATE TRAIN modelling is a sufficient proxy for professional translation.

All models from any MT source lag behind the upper bounds. Compared to the

monolingual model, the best outcomes for each dataset are −10.2% gap for German

MultiATIS++SQL using M2M1001.2B, and −29.7% for German MTOP using OPUS.

This best-case scenario is further evidence to reject this chapter’s hypothesis.

Across ‘TRANSLATE TRAIN’ systems, German proves the “easiest” language to

model using MT with the lowest gap between ‘MONOLINGUAL Gold’ and any singular

translation system for both datasets. The most difficult languages to model using MT

are MultiATIS++SQL Portuguese (PT, −21.6%) and MTOP Spanish (ES, −45.7%).

This may be a manifestation of fewer pre-training tokens for these languages, compared

to higher-resource German and Chinese (Tang et al., 2021). In Sections 3.3.4 to 3.3.5,

we propose strategies to improve ‘TRANSLATE TRAIN’ improving generalisation to

target languages with data augmentation and encoder ensembling.

Comparing TRANSLATE TRAIN and TRANSLATE TEST We observe that ‘TRANS-

LATE TEST’ generally performs above ‘TRANSLATE TRAIN’ across both datasets.

For MultiATIS++SQL, ‘TRANSLATE TRAIN’ is only above ‘TRANSLATE TEST’ for

high-resource language pairs in using some MT systems e.g., NLLB3.3B in FR and DE.

These high-resource languages (FR, DE) are more frequently included in competitive

machine translation benchmarks (Koehn et al., 2022). Therefore, it is unsurprising that

the strongest ‘TRANSLATE TRAIN’ modelling is reported for these languages. Without

additional modelling effort, ‘TRANSLATE TEST’ is a stronger baseline technique owing

to the reduced complexity of modelling the task entirely in high-resource English.

For MTOP, our results are significantly poorer than ‘TRANSLATE TEST’, but also

dramatically weaker than ‘TaF’ and ‘CLASP’ which report accuracies much closer

to the upper bound. These systems use large models trained on more diverse corpora

for semantic parsing, and our smaller model with automatically generated data fares

poorly across every language. We will revisit the comparison to ‘TaF’ and ‘CLASP’

in Chapter 6, where our results using gold few-shot sampling are competitive with

these methods. While not definitive, we conjecture that our failure in accurate target

language parsing of MTOP is owed to poor automatic word alignment. We use SimAlign

(Jalili Sabet et al., 2020) following CLASP (Rosenbaum et al., 2022) to project word

labels across datasets. However, we observe that the alignment output from this model

fails when entities are mistranslated. As this is a common error (see Section 3.3.7), our
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synthetic data for modelling MTOP using ‘TRANSLATE TRAIN’ is a poor representation

of any target language. ‘TRANSLATE TEST’ can circumvent this issue by translating

from the target language into English. We observe the token-level alignments here to be

much more robust to MT variation with fewer failures from alignments to rare entities.

We observe word alignment for every target language than for English, leading to lower

‘TRANSLATE TRAIN’ performance relative to other parsers.

No singular translation system is strictly superior to others across all datasets.

Notably, we do not observe a positive correlation between the BLEU score for MT

outputs (Table 3.4) and translation quality. We do not observe a significant positive

correlation between BLEU and ‘TRANSLATE TRAIN’ (Pearson ρ =−0.19, p = 0.42),

or BLEU and ‘TRANSLATE TEST’ (Pearson ρ = 0.48, p = 0.15). A weak correlation

here suggests that semantic parsing accuracy is not reflected in contemporary MT

evaluation, and is poorly predicted by metrics like BLEU. As a result, it is potentially

unwise to recommend an optimal translation system for our task. In later chapters, we

opt to use translations from OPUS in baselines as the most computationally efficient

MT prediction strategy.

‘TRANSLATE TEST’ is generally superior to ‘TRANSLATE TRAIN’ across both

datasets. Neither Table 3.6 or Table 3.8 can validate our hypothesis on the adequacy of

MT for cross-lingual semantic parsing. As previously discussed, ‘TRANSLATE TEST’

cannot benefit from multilingual modelling or data augmentation by using translation

at inference. This undesirably constrains all possible improvements to ‘TRANSLATE

TEST’ as a function of translation quality. Given this constraint, we now focus on

methods for improving the ‘TRANSLATE TRAIN’ parsing pipeline.

3.3.4 Monolingual, Bilingual or Multilingual Modelling?

We experiment with data augmentation within ‘TRANSLATE TRAIN’ to evaluate if

single source parsing can be improved by enhancing the training data. We consider

introducing additional MT sources as ‘paraphrase augmentation’ (i.e., K > 1 in Equa-

tion (3.9) as described in Section 3.1.4), additionally training on English (+EN), and

multilingual modelling combining the translationese training data from all target lan-

guages simultaneously. Table 3.9 outlines our results for MultiATIS++SQL and MTOP.

For selecting MT sources for each sample, we select the K best systems from Table 3.8

for each language.
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EN FR PT ES DE ZH TARGET AVG.

MONOLINGUAL K = 1 — 62.6 50.9 51.8 63.0 59.6 57.6

MONOLINGUAL K = 2 — 65.3 59.8 39.3 61.3 59.1 57.0

MONOLINGUAL K = 3 — 66.3 65.5 58.3 64.0 61.0 63.0

MONOLINGUAL K = 4 — 65.1 65.5 58.5 62.3 63.8 63.0

MONOLINGUAL K = 1 +EN — 66.2 66.2 53.0 40.8 61.3 57.5

MONOLINGUAL K = 2 +EN — 67.0 65.1 50.7 65.5 62.1 62.1

MONOLINGUAL K = 3 +EN — 65.9 64.6 60.0 66.5 65.5 64.5

MONOLINGUAL K = 4 +EN — 66.8 67.4 60.0 64.3 59.6 63.6

MULTILINGUAL K = 1 — 63.4 61.7 56.0 63.8 59.6 60.9

MULTILINGUAL K = 2 — 63.4 61.7 56.0 63.4 59.6 60.8

MULTILINGUAL K = 3 — 65.3 65.1 52.4 64.9 59.6 61.5

MULTILINGUAL K = 4 — 65.7 65.5 57.7 66.2 62.1 63.4

MULTILINGUAL K = 1 +EN 71.1 67.0 62.6 55.4 64.0 64.0 62.6

MULTILINGUAL K = 2 +EN 72.5 67.0 64.3 61.0 66.2 64.3 64.6

MULTILINGUAL K = 3 +EN 71.1 67.6 65.9 61.0 66.2 62.3 64.6

MULTILINGUAL K = 4 +EN 70.4 65.9 66.5 62.7 65.7 64.0 65.0

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

MONOLINGUAL K = 1 — 24.4 23.8 32.7 27.6 10.9 23.9

MONOLINGUAL K = 2 — 25.0 18.9 28.9 28.3 10.3 22.3

MONOLINGUAL K = 3 — 25.1 20.7 29.8 25.9 12.7 22.8

MONOLINGUAL K = 4 — 25.5 23.7 30.4 29.8 12.7 24.4

MONOLINGUAL K = 1+ EN — 32.3 30.0 38.1 31.2 13.9 29.1

MONOLINGUAL K = 2+ EN — 32.3 32.8 38.3 32.7 12.7 29.8

MONOLINGUAL K = 3+ EN — 35.7 32.9 38.6 33.9 13.9 31.0

MONOLINGUAL K = 4+ EN — 38.8 36.5 38.9 36.8 13.7 32.9

MULTILINGUAL K = 1 — 27.2 26.9 32.3 30.2 14.5 26.2

MULTILINGUAL K = 2 — 28.6 26.8 31.6 31.3 15.4 26.7

MULTILINGUAL K = 3 — 28.5 27.1 35.2 32.6 12.8 27.2

MULTILINGUAL K = 4 — 28.6 27.0 33.4 32.0 15.4 27.3

MULTILINGUAL K = 1+ EN 64.9 32.0 31.4 39.0 33.1 14.2 29.9

MULTILINGUAL K = 2+ EN 64.8 32.7 31.8 40.8 33.8 15.5 30.9

MULTILINGUAL K = 3+ EN 76.5 39.8 40.2 45.9 35.3 15.7 35.4
MULTILINGUAL K = 4+ EN 70.5 37.0 36.6 41.8 35.1 14.1 32.9

(b) MTOP

Table 3.9: Paraphrase augmentation for (a) MultiATIS++SQL and (b) MTOP. We compare

between monolingual (MONOLINGUAL) and multilingual (MULTILINGUAL) training

with and without English (+EN). We sample K MT sources and report results for

K = {1,2,3,4}. The significant best result is bolded.
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Improving Monolingual Parsing with More Translations: We observe that increasing

the number of source translations improves parsing accuracy. For the monolingual

case, K = 4 always improves on K = 1 in average accuracy in Table 3.9. This supports

the argument that ensembling MT systems can function as paraphrases to improve the

parser. However, we highlight that the improvement from increasing sources K is not

strictly increasing.

For MultiATIS++SQL and MTOP: there is > 1 case where average accuracy at K

sources is lower than the respective metric at K−1 sources. While MultiATIS++SQL

FR and MTOP FR, the K = 4 approach always improves on K = 1. We note that

MultiATIS++SQL DE and MTOP PT and ES show a negative trend for increasing

K. We posit that combined MT outputs inherit the strengths and weaknesses of each

constituent system and this pattern may be a consequence of an unfortunate combination

of MT noise (i.e., negative interference). Despite this pattern, the average benefit of data

ensembling with K = 4 suggests that sufficient MT diversity can overcome inconsistency

in source selection.

Across all datasets, the major beneficiaries of more sources are languages with

unique scripts. Parsing MultiATIS++SQL ZH improves by +4.2%, and MTOP HI

and TH improve by +2.2% and +1.8% respectively. The uniqueness of the script in

each of these languages results in fewer shared features from pre-training within the

model. Therefore, increasing the quantity of data in each language has a straightforward

improvement in performance. This gain overcomes the performance degradation in

monolingual ensembling for aforementioned languages, yielding the greatest improve-

ment to average target language accuracy.

Can We Augment Our Data with Source English? Given the variable benefit in

ensembling monolingual sources, we examine if introducing the source English data

can improve the parsing of target languages (i.e., ‘bilingual’ modelling). Our intuition is

that exposing the model to higher-quality input-output examples without translationese

improves parser generalisation. As before, increasing K and training in English im-

proves the average target language accuracy across all datasets. Introducing English

to monolingual ensembles has a larger benefit than increasing target-language MT

diversity: each ‘MONOLINGUAL+EN’ model at some K broadly performs above a

respective ‘MONOLINGUAL’ with K′ sources when K′ > K. This improvement is promi-

nent for MTOP, where adding high-quality data (even without ensembling at K = 1)

outperforms the K = 1 monolingual comparison. We infer that English data mitigates
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the aforementioned word alignment failures of TRANSLATE TRAIN. We suggest that

the balance between improvements in adding English, and detriment from MT noise

has an inflexion point of some K MT sources. At a certain K, the additional MT sources

negate the benefit of additional English.

We identify a reversed trend for unique script languages than observed for monolin-

gual ensembles. Here, introducing additional sources hurts performance everywhere

when English is present. This is evidenced by the ‘MONOLINGUAL K = 1 +EN’ per-

formance for MTOP HI and TH is greater than the ‘MONOLINGUAL K = 4 +EN’

performance. Increasing K sources reduces performance further. This suggests that En-

glish data is more valuable than any additional noisy target language data and increasing

sources may only increase system noise.

Monolingual or Multilingual Modelling of Translation data? While the above ex-

periments train a single parser per language, we also examine if a single parser for all

target languages is feasible (i.e., ‘multilingual’ modelling). Multilinguality reduces

training effort by producing one model per L languages over L models. However, a

multilingual parser can struggle to model each relevant language together, whereas

L monolingual models can adapt to each language without this concern. Across all

datasets, multilingual training yields a more accurate parser for single-language source

(K = 1) and multi-language source (K = 4) scenarios following the trend for the upper

bound. Languages with more shared similarity benefit more from multilingual mod-

elling. Contrasting between ‘MONOLINGUAL K = 4’ and ‘MULTILINGUAL K = 1’,

we observe that FR and DE benefit the most from multilingual modelling across both

datasets. These European languages share an alphabet and some lexical similarity

(between Romance and Germanic families), to explain how jointly training on both

sources contributes positive interference to benefit the multilingual parser. In contrast,

languages with fewer mutual features benefit the least from multilingual modelling:

MultiATIS++SQL, ZH performance decreases by −1.1% moving from a monolingual

focus to a multilingual combination.

The Kitchen Sink: Should We Combine Everything? We finally examine combining

English with the multilingual data ensemble from machine translation. Similar to above,

introducing English improves overall target language accuracy. This combination of

data is generally the best strategy across most languages. For example, the best strategy

for MultiATIS++SQL is ‘MULTILINGUAL K = 4 +EN’ using all source English and
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ATIS EN FR PT ES DE ZH TARGET AVG.

FATES K = 3 (Concatenate) — 63.6 68.7 32.8 59.3 49.3 54.7

FATES K = 3 (Mean) — 67.4 64.2 54.8 61.1 66.7 62.8

FATES K = 3 (Gated) — 69.2 66.7 47.5 67.5 68.5 63.9

MTOP EN FR ES DE HI TH TARGET AVG.

FATES K = 3 (Concatenate) — 15.6 15.7 29.2 7.3 5.0 14.6

FATES K = 3 (Mean) — 27.4 27.5 32.2 28.8 12.1 25.6

FATES K = 3 (Gated) — 27.4 26.5 33.1 30.9 11.9 26.0

Table 3.10: Fusion functions in FATES for MultiATIS++SQL and MTOP. We contrast

between (a) no combiner function (the decoder attends to K concatenated utterance

encodings); (b) mean combining to pool the encoded representations; (c) gated combi-

nation using a learned combiner function in Equation (3.16) and Equation (3.18).

every available MT example. We identify a similar English and MT noise inflexion point

for MTOP, where K = 3 produces better outcomes than K = 4. Given the additional data

from multilingual training, we observe that introducing English yields lesser benefit here

than in ‘MONOLINGUAL K = 4+EN’. The improvement between K = 1 to K = 4 is

−3.7% lower for MultiATIS++SQL and −0.8% lower for MTOP between multilingual

and monolingual data augmentation by adding English. Generally, English appears the

most helpful for the worst case parser. We now evaluate modelling each paraphrase as

a representation of equivalent semantics in different surface forms through the FATES

model.

3.3.5 FATES: Ensembling Encoders

We now consider if parallel encoders for each of K MT sources can further reduce the

cross-lingual transfer gap. Section 3.1.4 identifies that additional data can contribute

more noise than benefit to the parser. FATES explicitly adapts to each translationese

language using parallel encoders for each source. The intuition is that specialising a

set of K parallel encoders to parallel sources reduces demand for the encoder to adapt

toward multiple translationese samples. Each encoder models a single distribution, and

the perspective of each encoder is combined before the decoder. By training on multiple

paraphrases simultaneously, the model observes K surface forms of equivalent semantics
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mapping to the same logical form. We expect this to improve parser robustness and the

accuracy of representing semantics in the latent space.

Which fusion function? We consider three different functions for combining par-

allel encoder outputs for FATES on MultiATIS++SQL and MTOP in Table 3.10. We

experiment with only the multilingual setting with K = 3 sources as an experimental

control. The ‘Concatenate’ method concatenates all encoder outputs for the decoder to

attend to all combined outputs without fusion. The ‘Mean’ computes the mean of all

tokens at each time step. The ‘Gated’ computes a distribution over K inputs to dynami-

cally compute a weighted sample over encodings. Across both MultiATIS++SQL and

MTOP, the ‘Gated’ function yields significantly superior performance. The ‘Gated’ can

dynamically select which of K inputs is more important for decoding using dynamic,

encoder-specific scalar weightings. This strategy will allow a parser to better exploit

more relevant inputs and ignore less relevant encoded information. Henceforth, we use

the ‘Gated’ fusion for FATES.

Does Parallel Encoding Improve Cross-lingual Transfer? We train FATES on each

configuration of data discussed in Section 3.1.4: monolingual ensembling (MONOLIN-

GUAL), multilingual ensembling (MULTILINGUAL) and jointly training with English

(+EN). Table 3.11 shows results for MultiATIS++SQL and MTOP. There are no K = 1

experiments as FATES requires > 1 parallel encoders. FATES with K = 1 is equivalent

to TRANSLATE TRAIN.

FATES performs above paraphrase augmentation for most languages. Comparing

each equivalent experiment (data source and K), FATES is a more accurate parser for
2/3rd of experiments for MultiATIS++SQL or MTOP. Whereas increasing K had varied

effects with paraphrase augmentation, FATES more consistently improves parsing with

increasing K. We interpret this benefit as improved robustness by modelling each

translationese dialect independently. The largest accuracy decrease from increasing K is

reduced from−0.9% to−0.1% for MultiATIS++SQL and−1.3% to +0.3% for MTOP.

Similar to Section 3.1.4, multilingual modelling for FATES improves over monolingual

modelling. However, we do not observe a negative trend for non-Latin languages using

FATES. Similar to FR and DE, performance for ZH, HI, or TH now improves with

multilingual training and additional sources. We suggest that this effect is a consequence

of the additional parameters from more encoders—each encoder is now more flexible

to model each language independently without negative interference from combining
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FATES EN FR PT ES DE ZH TARGET AVG.

MONOLINGUAL K = 2 — 65.4 65.4 36.4 63.4 63.6 58.8

MONOLINGUAL K = 3 — 63.7 64.2 42.4 63.1 62.4 59.2

MONOLINGUAL K = 4 — 66.0 64.2 47.5 64.7 66.9 61.9

MONOLINGUAL K = 2 +EN — 66.9 66.0 61.8 62.9 59.3 63.4

MONOLINGUAL K = 3 +EN — 67.5 69.8 55.6 65.4 67.8 65.2

MONOLINGUAL K = 4 +EN — 68.0 67.4 57.3 67.8 69.4 66.0

MULTILINGUAL K = 2 — 68.7 58.2 53.3 68.0 63.6 62.4

MULTILINGUAL K = 3 — 69.5 66.7 47.5 67.5 68.5 63.9

MULTILINGUAL K = 4 — 69.4 66.5 50.2 65.6 67.4 63.8

MULTILINGUAL K = 2 +EN 70.7 68.5 67.8 56.1 67.5 62.7 64.5

MULTILINGUAL K = 3 +EN 75.4 69.2 69.8 54.2 67.8 69.2 66.0

MULTILINGUAL K = 4 +EN 74.9 70.5 69.2 62.4 68.7 66.5 67.5

(a) MultiATIS++SQL

FATES EN FR ES DE HI TH TARGET AVG.

MONOLINGUAL K = 2 — 21.2 21.8 28.3 26.7 11.2 21.8

MONOLINGUAL K = 3 — 23.2 19.4 28.1 28.6 9.3 21.7

MONOLINGUAL K = 4 — 24.8 21.7 29.2 30.1 11.0 23.4

MONOLINGUAL K = 2 +EN — 32.5 32.7 41.8 33.2 13.9 30.8

MONOLINGUAL K = 3 +EN — 36.6 38.5 45.4 36.1 13.3 34.0

MONOLINGUAL K = 4 +EN — 41.2 39.6 45.0 38.1 13.9 35.6

MULTILINGUAL K = 2 — 26.8 26.8 32.4 30.1 13.5 25.9

MULTILINGUAL K = 3 — 27.4 26.5 33.1 30.9 11.9 26.0

MULTILINGUAL K = 4 — 28.1 27.2 32.3 31.0 12.7 26.3

MULTILINGUAL K = 2 +EN 72.6 42.5 44.3 48.0 34.2 11.5 36.1

MULTILINGUAL K = 3 +EN 69.2 43.3 42.2 48.9 33.6 11.2 35.8

MULTILINGUAL K = 4 +EN 69.7 44.7 45.7 49.0 32.9 13.4 37.1

(b) MTOP

Table 3.11: FATES: encoder ensembling for (a) MultiATIS++SQL and (b) MTOP. We

compare between monolingual (MONOLINGUAL) and multilingual (MULTILINGUAL)

training with and without English (+EN). We show results for K parallel encoders

sampling K MT sources for K = {2,3,4}. The significant best result is bolded.
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Method Type Method Cosine (↑) Top-1 Top-5 Top-10

Pre-trained Model MBART50 0.576 0.521 0.745 0.796

Lower Bound EN Only 0.364 0.669 0.775 0.964

Upper Bound MULTILINGUAL Gold 0.698 0.784 0.981 0.991

Machine Translation FATES 0.670 0.720 0.957 0.992

Table 3.12: Average similarity between encodings of English and target languages for

MultiATIS++SQL. Cosine similarity evaluates average distance between encodings of

parallel sentences. Top-k evaluates if the parallel encoding is ranked within the k most

cosine-similar vectors (higher (↑) is better). Best excluding the upper-bound is bold.

MT distributions.

Does English Data Improve Parallel Ensembling? Augmenting FATES with English

yields further performance improvement. Each encoder in the model benefits from

additionally observing gold-standard training data to raise the worst-case parser. For

multilingual modelling with K = 4, the average benefit to adding English is +3.5%

for MultiATIS++SQL, and +10.9% for MTOP. For MTOP, the improvement adding

English is +17.3% for European languages but only 1.3% for non-European languages.

At present, MT quality creates a bottleneck for TRANSLATE TRAIN and TRANSLATE

TEST which is not yet surpassed in this setup. FATES also does not surpass the LLM-

based models outlined in Table 3.8. We identify that FATES now performs significantly

above TRANSLATE TEST, highlighting that multilingual modelling and improved

robustness are possible when directly modelling target languages.

We do not achieve parity to our upper bounds using FATES or with paraphrase

augmentation. Therefore, we can broadly consider our hypothesis as invalid, given that

machine translation does not produce equivalent parsing outcomes as training with gold

data. However, with the lowest budget for our case study—FATES offers a competitive

parsing strategy with the least sensitivity to MT errors and translationese disfluency

when using synthetic data.

3.3.6 Visualising Latent Representation Similarity

Our overarching hypothesis addresses cross-lingual transfer through latent representa-

tion alignment. In this chapter, we evaluate cross-lingual parsing by simulating target
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language data with machine translation. While not directly addressing representation

alignment,1 we expect that providing even synthetic training data will improve the latent

representation structure to address the core hypothesis of this thesis. To evaluate the

latent representation structure of the FATES parser, we report quantitative analysis on

latent representations of MultiATIS++SQL test set in Table 3.12. We also visualise

FATES compared to the initial model, lower- and upper-bounds in Figure 3.5. The

methodology for this analysis and visualisation is detailed in Section 2.4.2.

Figure 3.5 identifies that the original MBART0 model and the ‘EN Only’ baseline

exhibit monolingual clustering artefacts. Informally, the representations from these

systems are more similar to any representation in the same language than the equivalent

semantics of an utterance in a different language. This is an undesirable outcome

for our objective of representation alignment as the latent space is not semantically

distributed. This clustering artefact justifies how cross-lingual transfer is difficult to

achieve without additional effort in aligning representations across languages. We

observe this poor latent similarity in high dimensions via the low cosine-similarity

between parallel encodings in Table 3.12. We also note that the lower bound model

has lower cosine similarity to the original pre-trained encoder. We argue this is a

consequence of monolingual fine-tuning contributing to catastrophic forgetting of other

languages (McCloskey and Cohen, 1989; French, 1999). This further highlights the

challenge of accurately representing semantics during cross-lingual transfer.

We identify that the MULTILINGUAL model upper bound largely avoids producing

visually similar monolingual clustering. The exception to this is ZH, as the most

dissimilar language sharing the fewest features during multilingual training. On average,

MULTILINGUAL cosine and ranked similarity are much improved over the baselines

or original model identifying the upper bound of parser behaviour in the ideal data

scenario. We observe fewer language-level clusters with more examples clustering by

parallel meaning (as supported by improved Top-k ranked similarity). We identify that

FATES approximates the upper bound with similar latent structure and monolingual

artefacts for ZH. FATES also reports similar quantitative similarity metrics with the

best Top-10 ranked similarity of any model. We interpret this result as positive given

that synthetic data allows a system to approximate the ideal scenario with gold data.

However, we suggest that this upper bound for data is not necessarily the best latent

structure. For the explicit target of improving representation alignment, subsequent

chapters consider novel methods for improving representation alignment further.

1Chapter 4 and Chapter 6 propose methods directly addressing representation alignment.
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Noun/Adjective Ambiguity (“first-class fares” is a noun object)

EN Show me the first class fares from Baltimore to Dallas

DE MT Zeigen Sie mir die erstklassigen Tarife von Baltimore nach Dallas

DE Gold Zeige mir die Preise in der ersten Klasse von Baltimore nach Dallas

Entity Misinterpretation (Airline names aren’t preserved)

EN Which Northwest and United flights go through Denver before noon?

DE MT Welche Nordwesten und Vereinigten Flüge gehen durch Denver vor Mittag

DE Gold Welche Northwest und United Flüge gehen durch Denver vor Mittag

Question to Statement Mistranslation (rephrased as “You have a. . . ”)

EN Do you have an 819 flight from Denver to San Francisco?

ZH MT 你有一个从丹佛到旧金山的819航班

ZH Gold 有没有从丹佛到旧金山的819航班

Table 3.13: Error examples from MultiATIS++SQL. Utterances are translated into Chi-

nese and German using both machine translation and native speakers. We highlight

issues with the noisy MT data (underlined and bolded) compared to improved human

translations (underlined).

3.3.7 Error Analysis

We randomly sample 50 data pairs where the gold-standard monolingual model produces

a correct parser but the best TRANSLATE TRAIN model failed. As the parser can

correctly parse a gold-standard utterance, but cannot parse a translated utterance in the

same target language—we consider failure in these cases as entirely due to translation

error (i.e., MT breakdown from Moghe et al. (2023b)). We discuss trends in errors

here with examples shown in Table 3.13. We note that these examples are also cited as

motivation for the challenges in cross-lingual parsing in Chapter 1.

Fluency and Entity Misinterpretation Proper nouns can often be ignored or mis-

translated. For example, the airlines ‘Northwest’ or ‘United’ are directly translated

into German equivalents when the proper noun should be preserved. While it may be

entirely permissible to translate ‘United’ to ‘Vereinigten’, a native German speaker

would be unlikely to produce a similar translation. Similarly, the English expression

“dinner flights” can be directly translated to German as “Abendessenflug [dinner flight]”,
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but “Flug zur Abendszeit [evening flight]” is considered a more natural phrasing in

German dialogue. Training on data with such errors limits the parser from generalising

to utterances from native speakers.

Contextual Inference Ambiguity in the English input can lead to incorrect trans-

lations. For example, word “圣保罗” is a phonetic phrasing for both “São Paulo”

and ‘’‘St. Paul”. A professional translator could resolve this ambiguity by specifying

country e.g., “巴西圣保罗 [Brasil São Paulo]” or “美国圣保罗 [USA St. Paul]”.

However, MT can fail in resolving this ambiguity in both TRANSLATE TRAIN and

TRANSLATE TEST scenarios, consequently requesting an incorrect flight destination.

Tone and Formality Another issue is the diverging politeness and tone between an

MT system and a native speaker. We observe a specific issue when MT fails to model

equivalent formality to a native speaker of ZH. Many utterances in MultiATIS++SQL

ZH begin with “请 [qǐng]”, a politeness marker used to denote a request. No MT

system we evaluate consistently also uses this politeness marker—leading to poor

comprehension when present during inference.

3.4 Related Work

There is ongoing interest in machine translation as data augmentation for cross-lingual

semantic parsing. Duong et al. (2017a) use TRANSLATE TRAIN to develop a joint parser

for English and German notably identifying that MT enables models to better interpret

code-switched text containing multiple languages from bilingual speakers. Sherborne

et al. (2020) reports the initial version of our findings in this chapter promoting the use

of MT as paraphrasing for cross-lingual parsing. Our contributions motivated follow up
work researching localising open-domain knowledge base parsers (Moradshahi et al.,

2020) and SLU parsers (Xia and Monti, 2021) to new target languages.

Recent work has highlighted that translation can be iteratively improved within the

parsing pipeline, rather than queried once before training. Dou et al. (2023) create a

multilingual version of Spider (Yu et al., 2018a) by iteratively translating a sentence,

evaluating if the sentence can be parsed, and returning to human annotators for im-

provement and revised fluency. This process produces a multilingual model which

can accurately parse fluent text from native speakers. Similarly, Li et al. (2023) use

active learning to augment machine-translated data with gold-standard annotations for
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examples where the model fails to predict an accurate LF. Iteratively improving on these

‘harder’ examples improves the cross-lingual generalisation capability of the model.

Adjacent work has considered whether Large Language Models (LLMs) are capable

of similar data augmentation. The previously discussed TaF (Nicosia et al., 2021)

and CLASP models (Rosenbaum et al., 2022) compare an LLM to specialised MT

system for the TRANSLATE TRAIN scenario. This work identifies that both LLMs

and MT engines are similarly competitive for silver-standard data generation. Shi

et al. (2022) propose to use a vector database indexing multilingual parsing examples

for retrieval augmentation in cross-lingual semantic parsing. The database is used to

retrieve semantically similar examples to an utterance, and these form a single prompt

for in-context learning using the Codex LLM (Chen et al., 2021). This result identifies

the benefit of augmenting prompt-based inference with a semantically similar context

in multiple languages.

3.5 Summary

In this chapter, we evaluate how machine translation can play a role in cross-lingual

transfer for semantic parsing. We evaluate both TRANSLATE TEST and TRANSLATE

TRAIN, and identify how MT systems can be used to produce multiple paraphrases in

a target language. We propose methods for ensembling these paraphrases under the

assumption that increasing the diversity of surface form structure improves a semantic

parser trained with synthetic data. Our main contribution is FATES, a model for encoding

parallel inputs from different MT systems, modelling each “translationese” dialect of a

target language independently. Experimental results highlight that our hypothesis on

the adequacy of machine translation for semantic parsing is rejected—building a parser

with MT is not equivalent to using gold data in any language. Therefore, we argue that

MT does not solve our overarching problem of building a parser for new languages with

minimal resources. Our experiments suggest that data quality is critically important

e.g., the observed improvement from introducing English data. In Chapter 4, we pivot

to explore if high-quality data from alternative tasks, e.g., translation or language

modelling can be used for cross-lingual semantic parsing exploiting existing gold data

without demanding annotations in target languages.



Chapter 4

Zero-Shot Cross-lingual Semantic

Parsing

In the previous chapter, we examined how machine translation can mitigate data scarcity

for parsing languages beyond English. We observed that automatic translation is not

a universal substitute for target language training data. Our error analysis highlights

that machine translation struggles to fluently represent native-speaker utterances. We

also identified that sampling data from synthetic distributions is insufficient alone

for improving cross-lingual representation similarity. Additionally, this approach to

semantic parsing is reliant upon translation quality, which often suffers for lower-

resource languages (Ko et al., 2021). Given these reliability and quality concerns,

machine translation is a suboptimal strategy for the goals of our case study.

In Chapter 2, we conjecture that latent representation alignment is a sufficient con-

dition for cross-lingual transfer in semantic parsing. If we remove silver-standard data

strategies for this goal, we now require a new source of suitable data. We maintain that

sampling the target language distribution for training data is beyond feasible. However,

there already exists multilingual corpora for adjacent natural language understanding

tasks such as question answering, machine translation, or language modelling. This

data is easy to collect and fluently represents native speakers of target languages. If we

can exploit this readily available data for cross-lingual representation alignment—we

can circumvent the requirement for semantic-parsing training data entirely.

In this chapter, we consider exploiting adjacent gold-standard target language cor-

pora to learn cross-lingual representation alignment. By learning this alignment from

other tasks, we anticipate cross-lingual semantic parsing without any task-specific train-

ing data. To achieve this, we introduce a multi-task objective combining monolingual

75
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semantic parsing from English with auxiliary tasks (language modelling, translation,

and language classification) training on existing multilingual corpora. By removing

machine translation to focus on only gold data, we expect to overcome the fluency

issues from the previous chapter. For our case study, this approach combines only the

available English data and publicly available multilingual corpora to train the parsing

model.

This chapter considers zero-shot cross-lingual parsing wherein the parser only

observes target language semantic parsing inputs during inference i.e., ‘zero-shot’

parsing. In Chapter 3, we examined latent similarity using only pre-trained cross-

linguistic information (i.e., the ‘EN Only’ baseline). We observe that pre-training is

insufficient for generalising to all desired target languages. Analysis in Section 3.3.6

identifies that languages occupy different latent subspaces in the monolingual lower

bound, the zero-shot baseline, and FATES. These representation spaces must be better

aligned for cross-lingual transfer through representation alignment.

This chapter evaluates the hypothesis auxiliary multilingual tasks and data can
induce cross-lingual representation alignment without target-language training
data. We propose ZEUS: a Zero-shot Univeral Semantic parser. ZEUS uses multi-

task learning to jointly learn semantic parsing, language modelling, translation, and

language classification. We expect that jointly learning on these tasks optimises the

latent representation space for improved cross-lingual similarity during fine-tuning. By

improving latent cross-lingual similarity, a decoder trained to generate logical forms

from English will better interpret an encoding from a target language utterance. The net

effect will be cross-lingual logical form prediction from languages without task-specific

training data. Additionally, removing machine translation from the parser removes any

failures in translation or word alignment propagating to the parser. Experimental results

on MULTIATIS++SQL and MTOP validate the benefit of multilingual auxiliary tasks

for latent cross-lingual similarity. We observe that ZEUS significantly improves target

language parsing beyond FATES or zero-shot methods without representation alignment.

4.1 Problem Formulation

4.1.1 Representation Alignment for Cross-lingual Transfer

We expect variations in any natural language’s surface forms to express the same un-

derlying semantics (Fodor, 1975). Figure 4.1 illustrates how errors in latent alignment
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EEN = Qφ (xEN) Latent encoding from input in English (2.19)

El = Qφ (xl) Latent encoding from input in l (2.20)

ŷEN = Gψ (EEN) Decode encoding of English to logical form (2.21)

ŷl = Gψ (El) Decode encoding of l to logical form (2.22)

xEN ̸= xl Equivalent semantics in languages English and l (2.23)

Qφ (xEN)≈ Qφ (xl) Approximately similar latent encodings (2.24)

ŷEN = ŷl Parse to the same logical form (2.25)

A zero-shot semantic parser is expected to produce the same logical form output

from English utterance and any zero-shot target language i.e., Equation (2.25). Equa-

tion (2.24) frames the condition for this success as approximately equivalent encodings

from parallel utterances in different languages. We expect parsing into inaccurate or

illogical logic without satisfying these conditions. However, multiple barriers make

achieving the ideal scenario non-trivial. First, a parser must overcome unfamiliarity

with utterance-style data in each target language. The quantity and style of data used

for pre-training are highly variable across target languages. For example, MBART50

(Tang et al., 2021) is pre-trained using 45 million sentences in German from multiple

sources, but only 50,000 sentences in Portuguese (0.11% of German) sourced from

transcripts of TED Talks (Qi et al., 2018). We argue that this variability provides no

guarantee that the semantics of any target language are accurately represented within a

pre-trained model. Second, our analysis in Section 3.3.6 raises scepticism that sufficient

data encourages similarity in the latent representation space. Adapting a model’s latent

space to a semantically distributed structure (i.e., the same semantics are close in latent

space) is needed to guarantee zero-shot cross-lingual transfer with language-agnostic

representations.

4.1.2 Modelling Distributions for Auxiliary Tasks

The previous chapter considered using synthetic samples, S MT
l to generalise to Dl .

Here we use samples from alternative distributions for the same generalisation goal.

These alternatives are gold standard data sources for other tasks without semantic

parsing annotation. We conceptualise these samples, Tl , as Equation (4.1) from some

underlying data distribution Ul for task distribution U in language l as Equation (4.2).

Chapter 3 simplified the distributions to only natural language-logical form pairs. Here,
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Tl abstractly describes the sample for any task other than semantic parsing. For language

modelling, Tl describes unlabelled sequences, x = (x1,x2, . . . ,xT ) of T tokens, where

y is the next token in x. For translation, the (x,y) pairs in Tl are input and output

sentences.

Tl = {xi,yi}n
i=1 (4.1)

Tl ∼Ul (4.2)

4.1.3 Auxiliary Tasks

We adopt a multi-task sequence-to-sequence model (Luong et al., 2016) combining

logical form generation with additional strategies for representation alignment. First,

we fine-tune this encoder to encode and decode target languages through a language

modelling objective (Section 4.1.3.1). We also propose further improvement using a

translation objective where available (Section 4.1.3.2). Second, we directly penalise the

ability to discriminate the language from the latent representation (Section 4.1.3.3). Our

intuition is that our auxiliary losses minimise cross-lingual variance in latent encoding

space by optimising for language-agnostic representations.

4.1.3.1 Target Language Adaptation with Unlabeled Data

The first auxiliary task is to continue the pre-training objective of language model

denoising reconstruction (Lewis et al., 2020a). We introduce an additional decoder

for natural language, Gω, in parallel to the existing logical form decoder Gψ. This

forward path, encoder Qφ and decoder Gω, is trained to encode a corrupted input x̃ and

reconstruct x during decoding. Pre-trained models are generally trained on web-sourced

corpora of declarative text (e.g., Wikipedia). Our intuition is that fine-tuning a model

on utterances data (i.e., ‘questions’ as discussed in Section 2.1.1) can improve parsing

by increasing exposure to the style of target language test data. This is motivated

by domain-adaptive pre-training (DAPT) an approach to fine-tuning continuing a

pre-training objective using only data relevant to the desired end task (Gururangan

et al., 2020). In our context, we hypothesise that fine-tuning a multilingual encoder

on multilingual question-style data improves parsing by reducing the loss for target

language utterances in this style.

Decoder Gω reconstructs the input by autoregressively generating each token of

x, similar to logical form generation described in Section 2.2.1. For each time step t,
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the decoder predicts xt using Equation (4.4), as a distribution over the vocabulary

conditioned on previous outputs and the encoding, E, of noised input x̃. The noised

input x̃ is sourced from x (Equation (4.3)) but intentionally corrupted (discussed below).

Similar to Section 2.2.2, the loss is the cross-entropy between the prediction of x, as

Equation (4.5), and the source x as Equation (4.6).

x̃ = Noise(x) (4.3)

p(xt |x<t , x̃) = softmax(Gω (x<t)) (4.4)

p(x|x̃) =
T

∏
t=1

p(xt |x<t , x̃) (4.5)

ℓNL =−∑
x

log p(x|x̃) (4.6)

The noising function (Equation (4.3)) intentionally corrupts x challenging the model

to predict the original x with some tokens removed, shuffled or replaced. The denoising

objective reduces the model’s dependency on specific linguistic patterns by randomly

removing, replacing or masking words. This improves generalisation as a regulariser,

similar to the role of dropout reducing reliance on specific activations (Srivastava et al.,

2014). This objective produces highly generalisable models such as BART (Lewis et al.,

2020a) and MBART (Liu et al., 2020). This auxiliary task requires only unlabelled text

for training as the input is also the output. Therefore, this objective improves the target

language modelling in the encoder using only abundant monolingual data. As discussed

in Section 2.1.1, utterances for semantic parsing often model natural speech rather

than written language. A competent parser must be sensitive to the natural variation in

expression for utterance data. We consider this challenge when selecting monolingual

data for this task in Section 4.2.1.

4.1.3.2 Target Language Translation with Bitext data

Pre-training on multiple languages enables a model to learn some shared multilingual

information (e.g., word order, syntax or grammatical gender) for language understanding

(Liu et al., 2020). However, this lacks a mechanism for explicit cross-lingual semantic

equivalency (Tang et al., 2021). As described in Section 2.2.1, this deficiency motivates

the creation of MBART50 by continuing pre-training of MBART on a multi-language

machine translation objective.

We presume that our system can similarly benefit from explicit supervision of equiv-

alent cross-lingual semantics by introducing a translation objective to the generation
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decoder, Gω, using available bitext. We consider bitext corpora to contain latent labels

of semantic equivalence from different utterances. We expect that introducing this

latent supervision improves the similarity between latent representations of equivalent

meaning. This task is introduced by modifying the denoising objective described in

Section 4.1.3.1. Now, the decoder either generates the original xl input (denoising) or

the English parallel sentence (translation). To select between objectives, we uniformly

sample a value r (Equation (4.7)) and use translation if r is above some threshold τ

in Equation (4.8). We optimise τ as a ratio between denoising and translation during

training. Equation (4.9) describes the probability of generating y′ dependent on x̃ and

r. The translation objective uses the cross-entropy between the predicted x̂EN and gold

xEN similar to Equation (4.6).

r ∼U (0,1) (4.7)

y′ =

xl 0≤ r < τ

xEN τ≤ r ≤ 1
(4.8)

p
(
y′|x̃,r

)
=

T

∏
t=1

p
(
y′t |y′<t , x̃

)
(4.9)

The denoising or translation objective (collectively the ‘generative’ objectives) im-

prove the quality of target language representations by increasing exposure to these

surface forms. This task improves accuracy in semantic modelling of under-resourced

languages and explicitly encourages latent semantic equivalence between parallel utter-

ances. These goals minimise the loss for target languages to reduce any expectation

that the latent encoding will be inaccurate or difficult to decode i.e., the motivating

example in Figure 4.1. We now describe an additional task directly optimising for latent

language similarity.

4.1.3.3 Discriminating Language from the Latent Representation

We introduce a penalty on language discriminability from the latent representation to

discourage representations from forming monolingual clusters. The encoding is input

into a shallow language prediction linear classifier, LP, optimised to predict the input

natural language as a label. During training, we use gradient reversal (Ganin et al.,

2016) to optimise the encoder, Qφ, against this objective. This makes the encoder and

the LP subnetwork adversarial. The subnetwork discriminates the language only from
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the latent representation. The encoder is adversarially optimised to produce encodings

where the language is less discriminable. The intuition is that the encoder now observes

a gradient directly opposing the optimisation of the LP network for language discrim-

inability. Gradient reversal generates more language-agnostic representations targetting

our representation alignment objective. This technique was originally proposed for

domain adaptation (Ganin et al., 2016), identifying that penalising the domain speci-

ficity of representations improves the domain transferability of a model. In our case, we

consider different input languages as domains.

For some Transformer encoding, E ∈RT×d over T time steps with dimensionality d,

we pool the representations over time to produce a single vector Ē in Equation (4.10).

This is input to the Language Predictor: a shallow linear classifier (Equation (4.11)) with

parameters WLP ∈ RL×d and bLP ∈ RL. The network predicts language l, from original

input xl , of L possible target languages using the distribution defined in Equation (4.12).

Ē =
1
T ∑

t
Et (4.10)

LP(x) =WLPx+bLP (4.11)

p(l|xl) = softmax(LP(Ē)) (4.12)

We follow the approach of Ahmad et al. (2019) in using a shallow linear classifier

for language prediction. We observe that adding more layers in the LP submodel

introduces undesirable training instability and poorer cross-lingual parsing. The lan-

guage prediction submodel, LP is trained using a categorical cross-entropy loss in

Equation (4.13). Equation (4.14) describes how the gradient is reversed during the

backward pass propagating from the LP model to the encoder with parameters φ. This

directly optimises the encoder against language prediction, with a net effect reducing

language specificity of encoded latent representations.

ℓLP =−∑
x

log p(l|x) (4.13)

∂ℓLP

∂φ
=−∂ℓLP

∂LP
(4.14)

Our intuition is that language-agnostic representations improve the recognition of

target language encodings for the logical form decoder to generate logical forms without

sampling target language training data.
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early training. Without λLP, the noisy early predictions from ℓNL dominate the learning

process to produce an overall poorer parser. Equation (4.16) controls this schedule for

the weighting at training step t of T total steps. Equation (4.16) uses a hyperparameter

γ to control the rate of increase in λLP (t) overtraining.

∂ℓ

∂φ
=

∂ℓLF

∂φ
+αNL

∂ℓNL

∂φ
−λLPαLP

∂ℓLP

∂φ
(4.15)

λLP (t) =
2

1+ e−γ
t
T
−1 (4.16)

During inference, an utterance is encoded and always input to Gψ to predict a logical

form, ŷ, regardless of test language, l.

4.2 Experiments

4.2.1 Datasets

MultiATIS++SQL In this chapter, we use only the English language utterance-logical

forms for training data. Each natural language utterance maps to an executable SQL

logical form. We expect a parser to handle the target language inputs without observing

task-specific training data in each language. Target languages are incorporated using

the auxiliary data outlined in Section 4.2.2. Section 2.3.1 details a complete description

of MultiATIS++SQL with input-output examples shown in Table 2.5. We use the

MultiATIS++SQL multilingual test set for evaluating cross-lingual transfer from English

(EN) to French (FR), Portuguese (PT), Spanish (ES), German (DE), and Chinese (ZH).

MTOP We similarly use MTOP using only the English language utterance-logical

form training data. Each natural language utterance maps to a TOP-LF logical form

hierarchically representing the intent and slot features of the utterance. Section 2.3.2

details a complete description of MTOP with input-output examples shown in Table 2.6.

We use the MTOP multilingual test set for evaluating cross-lingual from English (EN)

to French (FR), Spanish (ES), German (DE), Hindi (HI), and Thai (TH).

4.2.2 Data for Auxiliary Tasks

ZEUS is trained for semantic parsing using only the training data pairs for English. We

improve latent cross-lingual alignment by sourcing parallel (bitext) and non-parallel
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Data Source Type Relevant Languages # Examples

MKQA (Longpre et al., 2021) Questions (Q)
EN, FR, PT, ES,

DE, ZH, TH
10,000

MLQA (Lewis et al., 2020b) Questions (Q) EN,ES, DE, ZH,HI
EN 12,738, DE 5029, ES 5754,

ZH 5641, HI 5425

ParaCrawl 7.1 (Bañón et al., 2020) Declarative (D) EN, FR, PT, ES, DE, ZH 14 million (ZH)-296 million (ES)

CCAligned (El-Kishky et al., 2020) Declarative (D)
EN, FR, PT, ES,

DE, ZH, HI, TH
8 million (HI)-92 million (DE)

Table 4.1: Data and language sources for latent cross-lingual alignment with ZEUS. Data

is sourced for languages: English (EN), French (FR), Portuguese (PT), Spanish (ES),

German (DE), Chinese (ZH), Hindi (HI), and Thai (TH). We primarily use questions

as data but also use declarative web-scraped text. For questions, we use all available

data in each language. For declarative text, we match this data quantity with a random

subsample of data from each language.

(unlabelled text) corpora for the auxiliary tasks described in Section 4.1.3. We use the

same data sources for all auxiliary tasks simultaneously during training. All auxiliary

data resources are outlined in Table 4.1.

Question Data Domain-adaptive pre-training is effective at improving language mod-

elling when fine-tuning on curated corpora relevant to the desired end task (Gururangan

et al., 2020). Therefore, we do not continue training on a large text corpus such as C4

(Raffel et al., 2020) and instead focus on available data for parsing-adjacent tasks. We

primarily use input utterances from the MKQA dataset (Longpre et al., 2021) as our

auxiliary alignment corpus. MKQA is a professional translation of 10,000 questions

from the English NaturalQuestions dataset for question answering (Kwiatkowski et al.,

2019) into 26 languages. MKQA is suitable for our objectives as: (i) the data is wholly

parallel to control for the number of examples in each language; (ii) the utterances can

be used as unlabelled text or bitext between each language and English; and (iii) the

utterances in MKQA represent natural questions from native speakers of target lan-

guages. For languages not included in MKQA, we augment our dataset with examples

from MLQA (Lewis et al., 2020b) with similar quality. MLQA is partially parallel

with different utterances translated from English into different target languages. These

desirable properties enable ZEUS to fine-tune towards the style of language in our test

data providing fluent variation in utterance style.
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Declarative Data We primarily examine if auxiliary tasks using data matching the

syntactic style as our test data (i.e., questions). However, this type of data, either

unlabelled or as bitext, can be challenging to source for some lower-resource languages.

Therefore, we also examine if ZEUS can improve cross-lingual transfer using arbitrary

scraped web text. For many natural languages, this is abundant and easy to source.

Data is sourced from ParaCrawl 7.1 (Bañón et al., 2020) and CCAligned (El-

Kishky et al., 2020). These are large-scale multilingual corpora with document- and

sentence-level alignment between English and > 20 languages. Parallel alignments are

generally noisy and can produce false pairings (see Table 4.2). We generally consider

this text as ‘declarative’ i.e., statements not requiring a response. This contrasts with

interrogative questions and imperative instructions, which typically demand a response

(see Section 2.1.1). We randomly sample these corpora for the same quantity of data

as the available data in MKQA and MLQA. We similarly use the aligned English

equivalent for the translation objective. We also note that these samples are not parallel

between target languages: the samples for any two languages are not parallel and there

is no similarity between the respective aligned English samples.

For question data, we use 60,000 utterances from MKQA for MultiATIS++SQL, and

50,000 utterances from MKQA and 5,425 Hindi utterances from MLQA for MTOP. For

declarative data, we use an equivalent quantity sampled from ParaCrawl and CCAligned.

Examples from each surface form style are shown in Table 4.2. We argue that using

data in the question style will benefit cross-lingual transfer for ZEUS more than using

declarative text. However, as questions may not always be available, we experiment

with both surface-form structures to explore more ideal or pragmatic methods of training

ZEUS.

4.2.3 Experimental Setting

4.2.3.1 Setting and Comparison

Our results in Chapter 3 highlight that multilingual modelling (i.e., one model for

N languages) is either comparable or superior to monolingual modelling (i.e., one

model for each of N languages). Therefore, we only implement multilingual modelling

henceforth for Chapters 4 to 6.

MULTILINGUAL Gold A multilingual Transformer is trained on the union of all

professionally translated data. As in Chapters 3 to 4, this represents the upper bound
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(a) Questions from MKQA (Longpre et al., 2021)

EN Who coined the phrase “let sleeping dogs lie”?

FR Qui a inventé la phrase let sleeping dogs lie?

PT Quem inventou a frase let sleeping dogs lie?

ES Quién acuño la frase “let sleeping dogs lie”?

DE Wer prägte die Phrase, lass schlafende Hunde liegen.

(b) Declarative Text from ParaCrawl 7.1 (Bañón et al., 2020)

EN Ready to wear for: a special evening, the office, a day at the park.

FR Prêt à porter pour le bureau, une séance de magasinage, une activité familiale.

EN Travel from Portici to Pozzuoli and discover Campania city of 45.6 Thousand inhabitants.

FR Voyagez de Nice à Turin et découvrez cette ville du Piemonte de 870 Thousand habitants.

EN All rooms feature a balcony, most of which with a sea view.

ZH 所有客房都设有一个阳台,其中大部分享有海景。

EN It should be possible to write an interpreter for the language.

ZH 应当被设计成安全地执行远端代码。

Table 4.2: Data examples for (a) MKQA (Longpre et al., 2021) and (b) ParaCrawl 7.1

(Bañón et al., 2020). MKQA is a parallel translation from English into 26 languages—

the sample from each language represents the same semantic meaning. ParaCrawl

contains data scraped from the web and automatically aligned across languages. This

can result in erroneous cross-lingual alignment highlighted in red . Each bitext pair is

unrelated to samples from other languages.

for our model using all available data without few-shot constraints.

EN Only A monolingual Transformer is trained on only English training data. This

model is evaluated on the target language test data with no translation. This is our lower-

bound as the baseline model for zero-shot parsing with no representation alignment.

TRANSLATE TEST A monolingual Transformer is trained on source English data.

Machine translation is used to translate test data from target languages into English.

Logical forms are predicted from translated data using the English model. This is the

silver-standard baseline method for Chapter 3. We report this baseline using OPUS

translation (Tiedemann and Thottingal, 2020).
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TRANSLATE TRAIN Machine translation is used to translate English training data into

each target language as described in Chapter 3. A monolingual Transformer is trained

on translated training data and logical forms are predicted using this model. This is the

silver-standard baseline method for Chapter 3. We report this baseline using OPUS

translation (Tiedemann and Thottingal, 2020).

We also compare the best FATES model from Chapter 3 to contrast between our best

solution using machine translation, and this zero-shot method without translation.

4.2.3.2 Model Training

ZEUS follows the Transformer encoder-decoder setup from Section 2.2.1. The encoder,

Qφ, is pre-trained using the encoder parameters from the MBART50 pre-trained model

(Tang et al., 2021). ZEUS uses two identical Transformer decoders for logical forms

(Gψ) and natural language Gω with separate parameters. Both decoders are trained from

scratch—we did not observe any benefit to initialising either decoder using pre-trained

parameters. The language predictor submodel is also trained from scratch. One epoch

of training consumes all parsing and auxiliary data where each step samples a single

batch for either semantic parsing or auxiliary tasks.

Hyperparameters were chosen by training a reference model for parsing English

utterances and selecting the system with minimum validation loss. The noise function

for the denoising task uses token masking (i.e., a token is randomly replaced with

“[mask]”). The noising function samples an integer value v from U (0,ν) and masks

v tokens in an input sentence. The maximum masking factor, ν was optimised in the

range [0,10] with an optimal setting of 4. Loss weightings α{LP, NL} were selected from

range {1, 0.5, 0.33, 0.25, 0.1}. The final setting is α LP = 0.33 and α NL = 0.1. The

scaling factor for language predictor scheduling, γ in Equation (4.16), was optimised

from range {0, 5, 10, 20, 40, 50, 100} and set to 20. This setting corresponds to ℓLP

reaching 95% of the maximum value after approximately 18% of training progress.

4.3 Results

4.3.1 Is Zero-Shot Parsing Competitive with the Upper Bound?

The first comparison is between zero-shot cross-lingual transfer and the upper bound

using gold-standard professional translation into all target languages. This provides a

contrast between the lowest-resource case (English data and a pre-trained model) and
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EN FR PT ES DE ZH TARGET AVG.

MULTILINGUAL Gold 74.9 74.2 73.0 70.4 74.6 73.7 73.2

EN Only 77.2 61.3 42.5 46.5 50.2 38.5 47.8

ZEUS (best) 74.4 72.3 69.7 68.5 69.0 69.2 69.7

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

MULTILINGUAL Gold 75.5 69.7 72.4 67.9 65.5 54.6 66.0

EN Only 72.4 42.0 43.9 46.8 23.1 12.8 33.7

ZEUS (best) 77.5 66.2 67.4 64.2 59.4 47.7 61.9

(b) MTOP

Table 4.3: Results for (a) MultiATIS++SQL execution accuracy and (b) MTOP SCIEM

accuracy contrasting between: training on gold-standard translations in every target

language (MULTILINGUAL Gold); training only on the English semantic parsing dataset

(zero-shot ‘EN Only’); and the best ZEUS model. ZEUS uses auxiliary tasks to improve

cross-lingual transfer and improves on the unaugmented zero-shot parsing performance

for all languages. The significant best model, exluding upper bound, is bolded.
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the highest-resource case (high-quality data in all languages). If a zero-shot approach is

competitive with the upper bound, this could circumvent any annotation requirements

for cross-lingual transfer.

As discussed in Chapter 3, the zero-shot lower bound without representation align-

ment effort does not approach the upper bound without data scarcity. Table 4.3 identifies

that the best ZEUS model significantly improves zero-shot parsing to approach the upper

bound without target language parsing data. Using auxiliary tasks positively improves

zero-shot performance for all languages. The best version of ZEUS uses interrogative

and declarative text (Q+D) as auxiliary data. Distant languages improve the most

using ZEUS parsing MultiATIS++SQL ZH improves by 41.7% and parsing MTOP HI

or TH improves by 55.4% and 63.9% respectively. For similar languages (e.g., FR),

the best ZEUS model is now competitive with the upper bound, offering an alternative

to annotation using only English task-specific data. ZEUS is only −3.5% below the

MultiATIS++SQL upper bound, and only −5.0% upper bound for MTOP. This repre-

sents an 86.2% and 84.5% reduction in the error between zero-shot and upper-bound

parsing for MultiATIS++SQL and MTOP respectively. This improvement supports our

hypothesis that multilingual auxiliary tasks improve the cross-lingual transferability of

a monolingual task.

4.3.2 Is Zero-Shot Transfer Superior to Machine Translation?

We compare between ZEUS and the machine translation-based methods in Chapter 3 in

Table 4.4. As above, we compare the unaugmented zero-shot model and the best ZEUS

model to an example of TRANSLATE TEST or TRANSLATE TRAIN and the best FATES

parser. Zero-shot modelling (‘EN only’) performs below any translation method for

MultiATIS++SQL but above TRANSLATE TRAIN for MTOP. In Chapter 3, we raise that

poor cross-lingual word alignment resulted in weaker parsing. Even without auxiliary

tasks, zero-shot parsing is above training with translations if the translation system

accumulates errors. We note that ZEUS does not surpass the silver-standard LLM-based

methods we discuss in Chapter 3 for MTOP.

We observe that the best ZEUS model produces a significantly improved parser

than FATES. We infer that the latent alignment objectives and training without “transla-

tionese” issues reduce the error in adaptation to natural native-speaker utterances during

inference. Notably, ZEUS improves for MTOP by +12.2% over TRANSLATE TEST

and +24.8% over FATES. This suggests a modelling preference for zero-shot alignment
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EN FR PT ES DE ZH TARGET AVG.

TRANSLATE TRAIN (OPUS) — 56.8 39.1 51.8 60.4 59.6 53.5

TRANSLATE TEST (OPUS) — 57.7 58.1 58.3 58.8 50.9 56.8

FATES (best) 74.9 70.5 69.2 62.4 68.7 66.5 67.5

EN Only 77.2 61.3 42.5 46.5 50.2 38.5 47.8

ZEUS (best) 74.4 72.3 69.7 68.5 69.0 69.2 69.7

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

TRANSLATE TRAIN (OPUS) — 24.4 23.1 32.7 22.4 9.5 22.4

TRANSLATE TEST (OPUS) — 44.9 63.1 39.1 47.1 54.2 49.7

FATES (best) 69.7 44.7 45.7 49.0 32.9 13.4 37.1

ZEN Only 72.4 42.0 43.9 46.8 23.1 12.8 33.7

ZEUS (best) 78.8 66.8 67.9 64.6 61.0 49.2 61.9

(b) MTOP

Table 4.4: Results for (a) MultiATIS++SQL execution accuracy and (b) MTOP SCIEM

accuracy contrasting between machine translation, zero-shot cross-lingual transfer

and the best ZEUS model. We compare to single source TRANSLATE TRAIN and

TRANSLATE TEST using the OPUS MT system from Chapter 3. We also compare to

the best parser FATES parser from Chapter 3 (FATES from Table 3.11). We contrast

MT-based systems to zero-shot cross-lingual transfer without auxiliary tasks (training on

English), and the best performing ZEUS parser discussed further in Section 4.3.3. The

significant best result is bolded.
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EN FR PT ES DE ZH TARGET AVG.

(i) EN Only 77.2 61.3 42.5 46.5 50.2 38.5 47.8

(ii) LF +NL (τ = 0.5) 77.7 62.7 54.9 58.2 61.1 51.2 57.6

(iii) LF +LP 76.3 57.2 53.7 51.8 58.6 44.1 53.1

(iv) LF +LP+NL (τ = 0.5) 74.4 72.3 69.7 68.5 69.0 69.2 69.7

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

(i) EN Only 72.4 42.0 43.9 46.8 23.1 12.8 33.7

(ii) LF +NL (τ = 0.5) 77.5 60.2 64.3 61.2 60.4 48.7 59.0

(iii) LF +LP 76.3 63.0 65.0 60.7 57.3 44.9 58.2

(iv) LF +LP+NL (τ = 0.5) 78.8 66.8 67.9 64.6 61.0 49.2 61.9

(b) MTOP

Table 4.5: Results for (a) MultiATIS++SQL execution accuracy and (b) MTOP SCIEM

accuracy ablating auxiliary objectives. Objectives are: natural language to logical form

prediction (LF); natural language generation (NL) of either reconstruction or translation

according to threshold τ; and language prediction from the latent encoding LP. We

show: (i) training only on the English semantic parsing dataset without auxiliary tasks;

(ii) training on semantic parsing and natural language objectives with 50% probability

of denoising reconstruction or translation (τ = 0.5); training on semantic parsing and

language prediction; and the ZEUS model using all objectives. ZEUS benefits from all

auxiliary tasks for the best accuracy in cross-lingual parsing. We discuss the setting of τ

further in Section 4.3.4.

over translation when translation is a noisier pipeline. For MultiATIS++SQL, where

machine translation does not introduce word-alignment issues, the improvement for

ZEUS over FATES is a lesser 2.2%. Both methods are competitive here, but it may be

preferable to rely on gold data rather than machine translation within our case study.

4.3.3 Which Auxiliary Objective Matters?

Ablations to the model are shown in Table 4.5, identifying the contributions of different

objectives. As discussed above, zero-shot parsing without auxiliary objectives (Model

(i)) is the weakest approach. This is unsurprising, as this approach uses only pre-trained
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cross-lingual information without additional effort to improve similarity.

Model (ii) adds the auxiliary natural language task to the model. We set the thresh-

old to τ = 0.5 for a 50%-50% split between denoising reconstruction and translation

objectives for this auxiliary task. This is discussed further in Section 4.3.4. We observe

that allowing the model to fine-tune towards the target languages (without parsing data)

improves transfer to all target languages by an average of +9.3% for MultiATIS++SQL

and 25.3% for MTOP. This agrees with prior results for other tasks identifying the

benefit of domain-specific adaptation during fine-tuning (Gururangan et al., 2020).

Model (iii) evaluates the language prediction classifier (LP) as the only auxiliary

task. We observe that this method improves over the baseline by an average of +5.3%

for MultiATIS++SQL and +24.5% for MTOP. During training, the language prediction

accuracy for the validation dataset peaks at 87% after 14% progress and subsequently

decreases to <8% beyond 30% of training. Language prediction accuracy for the test

set is 7.2%. This suggests that this classifier correctly reduces the input language

discriminability from the latent representation. Comparing objectives in (ii) and (iii),

the benefit of the language prediction classifier is weaker than the natural language

decoder tasks. We interpret that adaptation towards specific surface form patterns is

more valuable for representation alignment than latent language discriminability.

The best version of ZEUS (iv) uses all auxiliary tasks with a cumulative benefit

in multi-task modelling. Compared to (i)‘EN only’, the full model improves by a

target language average of +21.9% for MultiATIS++SQL and +28.2% for MTOP.

This result supports our claim that zero-shot parsing can be optimised using auxiliary

objectives. We conjecture that this combination benefits from constructive interference—

the language prediction loss promotes representation invariance in cooperation with

multilingual generation tasks fine-tuning the encoder toward target languages test

utterances.

4.3.4 Is Translation or Reconstruction More Beneficial for Parsing?

Section 4.3.3 contrasts between auxiliary objectives identifying a positive improvement

including generation objectives. As outlined in Sections 4.1.3.1 to 4.1.3.2, the natural

language decoder is used for either denoising reconstruction or translation from the

target language into English. The ratio between either objective is controlled by

threshold hyperparameter τ. We examine the influence on parsing by varying objectives

by varying τ between zero and one in Figure 4.3 for MultiATIS++SQL and Figure 4.4
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EN FR PT ES DE ZH TARGET AVG.

Q 69.9 71.8 66.2 66.7 69.7 70.9 69.1

D 66.7 68.3 62.9 59.6 70.7 65.0 65.3

Q+D 74.4 72.3 69.7 68.5 69.0 69.2 69.7

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

Q 77.2 65.9 66.6 63.6 59.0 47.7 60.6

D 75.5 64.6 66.2 63.7 59.6 47.5 60.3

Q+D 78.8 66.8 67.9 64.6 61.0 49.2 61.9

(b) MTOP

Table 4.6: Results for (a) MultiATIS++SQL execution accuracy and (b) MTOP SCIEM

accuracy contrasting between question (Q) or declarative text (D) style used for adap-

tation to target languages for ZEUS. We evaluate training ZEUS with only questions

(Q), only declarative text (D), and combining both data sources Q+D. The combined

strategy demonstrates superior accuracy, with Q only performingly competitively in most

languages. The ratio between denoising and translation is fixed for all experiments

(τ = 0.5). Data sources for each surface form style is given in Table 4.1.

for MTOP. In general, the setting of τ = 0.5 demonstrates the highest average accuracy.

This setting of τ is used in all other results for ZEUS. For most languages, we do

not identify a strong bias for either objective (i.e., the line is flat in the figure). We

observe a benefit from combining objectives but either approach individually would

yield competitive parsing. Similarly, there is no strong trend contrasting between

auxiliary data styles (Q, D, or Q+D). In a novel setting without available bitext, the

denoising reconstruction alone could be sufficient without implementing translation.

We also note that separating these tasks into different decoders did not yield significant

benefits but practically increased training time and GPU memory requirements.

4.3.5 Does Auxiliary Data Style Matter?

We examine the role of surface form style in adaptation towards target languages.

Table 4.6 compares between training ZEUS using interrogative questions (Q), declarative

text (D), and jointly on both sources (Q+D). We observe that adaptation towards
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questions is superior to arbitrary declarative text, likely as this style is closer to the

utterances in each test set. In addition, Figure 4.3 and Figure 4.4 also highlight the

benefit of questions over declarative text is valid over every setting of τ. We note that

ZEUS using declarative text performs above all FATES from Chapter 3—identifying

that our method can robustly improve cross-lingual transfer if question data cannot be

sourced for a new target language. This further supports the preference for zero-shot

modelling over-reliance on synthetic data. We observe that the best ZEUS model for

either dataset combines both data sources (Q+D). The improvement for combining data

is mostly sourced from languages similar to English (FR, PT) with some less similar

languages (ZH) demonstrating significantly lower performance on MultiATIS++SQL

with the additional data than questions alone. This is likely because dissimilar languages

share fewer features, and therefore benefit less from additional data over improved data

quality.

4.3.6 How does Alignment Data Quantity Influence Transfer?

Previous findings in this chapter assume access to all data outlined in Table 4.1. We now

consider if the quantity of data used for auxiliary tasks influences the ability for ZEUS

to improve latent cross-lingual similarity. Figure 4.5 and Figure 4.6 demonstrates the

parsing performance for MultiATIS++SQL and MTOP respectively when varying the

auxiliary dataset size. For both datasets, we observe a positive trend in that increasing

the corpora size improves cross-lingual parsing. For MultiATIS++SQL, the correlation

between data quantity and improved parsing is more strongly correlated for questions

(Pearson ρ = 0.97 p < 0.01) than for declarative text (Pearson ρ = 0.85 p < 0.01). This

trend is similar for MTOP with Pearson ρ = 0.78 (p < 0.01) for questions and Pearson

ρ = 0.68 (p < 0.01) for declarative text. The contrast between these correlations for

Q and D reaffirms increased value in adapting towards questions over any available

data. For joint data, the equivalent correlation is Pearson ρ = 0.96 (p < 0.01) for

MultiATIS++SQL and Pearson ρ = 0.82 (p < 0.01) for MTOP. This trend is still

positive, but we note that the performance using 100% of question data is above using

50% of joint Q+D data. This suggests that including questions in auxiliary task corpora

is critical for improvement and any additional gain from declarative text is a marginal

benefit only from including more data during learning.
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Method Type Method Cosine (↑) Top-1 Top-5 Top-10

Pre-trained Model MBART50 0.576 0.521 0.745 0.796

Lower Bound Train-EN Only 0.364 0.669 0.775 0.964

Upper Bound MULTILINGUAL Gold 0.698 0.784 0.981 0.991

Machine Translation FATES 0.670 0.720 0.957 0.992

Zero-shot ZEUS 0.760 0.832 0.944 0.971

Table 4.7: Average similarity between encodings of English and target languages for

MultiATIS++SQL. Cosine similarity evaluates average distance between encodings of

parallel sentences. Top-k evaluates if the parallel encoding is ranked within the k most

cosine-similar vectors (higher (↑) is better). Best excluding the upper-bound is bold.

4.3.7 Visualising Latent Representation Similarity

We investigate our claim that ZEUS improves latent cross-lingual similarity by visualis-

ing the latent space as outlined in Section 2.4.2. Table 4.7 shows a quantitative analysis

of high-dimensional representation similarity for MultiATIS++SQL. As discussed in

Section 3.3.6, monolingual clustering artefacts arise without some guidance for cross-

lingual representation alignment. ZEUS demonstrates reduced monolingual separability

compared to the pre-trained model and the zero-shot lower bound. We observe ZEUS

approximately produces a single multilingual cluster, whereas the upper-bound and

FATES demonstrate structure without global multilingual similarity. We note the sim-

ilarity in all methods of poorer alignment of distant languages (ZH). Quantitatively,

ZEUS also produced the highest cosine-similarity and Top-1 ranked similarity above

all other models thus far. Notably, we surpass the upper-bound in similarity which has

access to 100% translation into each target language. Similarly, encouraging repre-

sentation alignment produces more similar representations than using synthetic data

without encouraging alignment. We infer that targeting representation similarity in

ZEUS is how we surpass the cross-lingual similarity of the upper bound without explicit

representation alignment. We interpret our results and quantitative analysis to further

affirm our hypothesis that ZEUS improves cross-lingual representation alignment to

improve zero-shot cross-lingual transfer. The benefit of ZEUS highlights that optimising

representation alignment is valuable for the thesis beyond zero-shot parsing. We revisit

this idea in Chapter 6 to explicitly optimise representation alignment as a loss function.
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EN What ground transportation is there in Baltimore?

ZH 巴尔的摩有什么地面交通

LF (Error) SELECT DISTINCT ground_service_1.transport_type FROM

ground_service ground_service_1, city city_1 WHERE

(( ground_service_1.city_code = city_1.city_code AND

city_1.city_name = ´BALTIMORE ´ );

LF (Correct) SELECT DISTINCT ground_service_1.transport_type FROM

ground_service ground_service_1, city city_1 WHERE

ground_service_1.city_code = city_1.city_code AND

city_1.city_name = ´ BALTIMORE ´;

EN What type of plane is a D9S?

FR Quel type d’aéronef est un D9S?

LF (Error) SELECT DISTINCT aircraft_1.aircraft_code FROM aircraft

aircraft_1 WHERE aircraft_1.airport_code = ´DFW´ ;

LF (Correct) SELECT DISTINCT aircraft_1.aircraft_code FROM aircraft

aircraft_1 WHERE aircraft_1.aircraft_code =´D9S´;

Table 4.8: Error examples from MultiATIS++SQL and MTOP for ZEUS. The primary

improvement from ZEUS is a reduction in unexecutable or malformed logical forms. In the

upper example, the TRANSLATE TRAIN model has generated incorrect brackets without

closing all pairs. ZEUS can often handle generic entities but can fail when parsing rare

entities not included in the auxiliary task corpora. In the lower example, the ZEUS model

has not observed the ‘D9S’ entity in a French utterance and erroneously referenced the

‘DFW’ entity instead.

4.3.8 Error Analysis

We randomly sample 50 MultiATIS++SQL test examples where ZEUS correctly pre-

dicted the outputs but the best TRANSLATE TRAIN model failed. We also sample 50

examples where the gold-standard multilingual model produces a correct parser but

the best ZEUS model failed. Similar to Chapter 3, we discuss trends in improvement

and identify failures in the model for further study. Examples of errors are shown in

Table 4.8. We note that these error patterns also extend to MTOP.
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Executability Comparing to TRANSLATE TRAIN, ZEUS generates 32% fewer ill-

formed SQL requests and 24% fewer extraneous queries accessing unrelated tables

in the database. We observe many cases of malformed SQL in weaker models, often

as the input utterance is dissimilar to the English or machine-translated training data.

ZEUS makes fewer of these mistakes but can still generate incorrect logical forms. The

improvement with ZEUS shifts the focal point of errors from malformed logical forms

to semantically inaccurate logical forms i.e., the motivating example in Figure 4.1.

Rare Entities Translation can fail when entities are mishandled and ZEUS generates

36% fewer queries with erroneously named entities. However, many entities are still

mishandled with ZEUS and weaker models. For example, the airline ‘Tower Air’ appears

in the dataset as the original data was collected in 1990 and 1993 (Hemphill et al., 1990;

Dahl et al., 1994). However, this business ceased trading in 2000. Therefore, this entity

is likely to be rare, or nonexistent, in auxiliary task corpora sourced from modern web

text. This causes all models to often misinterpret the entity when observed in the context

of each target language. This issue is further exacerbated when the entity ‘Tower Air’ is

transliterated into Chinese as “宝塔航空 [pagoda airlines]”. This increases the difficulty

for the parser to interpret a transliteration of a rare entity into a unique form unlikely to

be prevalent in any auxiliary data. These types of errors are a major outstanding barrier

to improving cross-lingual semantic parsing—accounting for 58% of remaining errors

with the most in Chinese (60%) and least in French (36%).

4.4 Related Work

Auxiliary tasks for cross-lingual transfer have proved beneficial for multiple

tasks. Mallinson et al. (2020) propose to jointly learn sentence simplification for English

and language modelling for German for zero-shot English-to-German sentence simpli-

fication. Similarly, Zhao et al. (2020) propose a similar method combining language

modelling and iterative back-translation tasks for sentence simplification demonstrating

a denoising objective (similar to Section 4.1.3.1) can transfer between ‘simple’ and

‘complex’ language in a semi-supervised objective.

Gradient reversal techniques for language-agnostic representations have also been

explored across multiple tasks. Ahmad et al. (2019) propose an auxiliary classifier,

similar to our LP submodel in Section 4.1.3.3, for language agnostic representations

to improve cross-lingual dependency parsing. Arivazhagan et al. (2019) propose the
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same auxiliary loss for improving zero-shot machine translation. However, neither

work introduces this auxiliary loss to adapt a monolingual task: either this technique

complements multilingual learning with access to target language data or it is used to

connect pairs of MT languages using Bitext.

Auxiliary tasks have demonstrated improvement in cross-lingual semantic parsing.

Shao et al. (2020) propose learning a similar language predictor network using adver-

sarial losses (Goodfellow et al., 2014) for spoken language understanding (SLU). This

model is similar to our gradient reversal approach but negates the loss before the back-

ward pass rather than reversing the gradient within the network. Yang et al. (2021) use

linguistic analysis-oriented tools to improve zero-shot cross-lingual parsing to Discourse

Representation Structure (DRS) logical forms. They show that language-independent

features such as Universal Dependency labels (de Marneffe et al., 2014, UD), and

Universal Part-of-speech tagging (Petrov et al., 2012) benefit a similar zero-shot setting

to ours. van der Goot et al. (2021) also report a similar auxiliary task framework using

translation, masked language modelling and UD prediction to improve zero-shot SLU

parsing.

This chapter initially appeared as Sherborne and Lapata (2022); where we pro-

pose a novel combination of domain-adaptive pre-training and adversarial learning for

language-agnostic representations. Unlike adjacent work, ZEUS requires no additional

annotation (e.g., UD labels) and can scale to languages where only unlabelled data is

available. Our examination of the role of surface form style and quantity also separates

our work from others. Prior work leverages data for auxiliary tasks without introspection

on the influence of corpora size and data quality. In contrast, we highlight that the style

of additional data is strongly influential on the parser performance. In recent follow up
work, Wang and Hershcovich (2023) extend Sherborne and Lapata (2022) for parsing

Chinese into SPARQL logical forms. Their results highlight that the compositional

generalisation capability of a parser, similar to ZEUS, scales linearly with increasing

auxiliary data.

4.5 Summary

In this chapter, we examine how auxiliary tasks and loss functions can improve latent

cross-lingual representation alignment for zero-shot cross-lingual semantic parsing. We

validate a hypothesis suggesting we can jointly learn monolingual parsing and extra

multilingual tasks (with existing data) to zero-shot improve. We propose ZEUS, a



4.5. Summary 105

parser using natural language denoising, machine translation and language prediction

to improve zero-shot cross-lingual transfer. ZEUS demonstrates that improving latent

representation similarity enables a parser to accurately predict a logical form for a

language without training data. Ablations identify how many examples are sufficient to

benefit latent alignment and the contribution of each auxiliary task. We also observe

an optimal balance between reconstruction and translation tasks—highlighting the

benefit of both unlabelled data and bitext for aligning representations. Analysing the

latent representations learned from ZEUS demonstrates a broad improvement in latent

similarity. Our error analysis further identifies that the core improvement from ZEUS

is a reduction in generating unexecutable or syntactically invalid logical forms from

target language inputs. Whereas Chapter 3 identifies outstanding errors in modelling

fluency, we find that ZEUS can struggle to model domain-specific entities relevant only

to the test dataset. After having examined silver-standard and zero-shot approaches, we

now consider if few-shot data sampling can overcome these issues to further improve

cross-lingual parsing in Chapter 5 and Chapter 6.





Chapter 5

Meta-Learning a Cross-lingual Manifold

for Semantic Parsing

We previously considered the merit of machine translation in Chapter 3, and auxiliary

data from adjacent tasks in Chapter 4. Either method can partially mitigate the perfor-

mance gap between English and target languages. However, data quality issues lower

the generalisation ceiling for a parser relying on alternatives to gold-standard data. Our

findings identify that synthetic data can struggle to fluently represent native speakers.

Similarly, ‘gold-standard’ data for auxiliary tasks improves parsing but yields minimal

benefit when the domain and style of such data poorly resembles the test data. Nei-

ther method provides a reliable mechanism for improving cross-lingual representation

alignment of utterances we desire to parse.

Given the absence of an exemplar alternative, we now consider relaxing the con-

straint on sampling the target language data distribution. Using gold data could improve

upon FATES using fluent translations, and upon ZEUS using relevant language. We

consider a ‘few-shot’ approach sampling a small set of labelled utterance-logical form

pairs for each target language. Few-shot cross-lingual transfer demonstrates improve-

ment over zero-shot transfer or silver-standard data methods in a range of tasks such as

entailment detection and machine translation (Zhao et al., 2021). The benefit of gold

data motivates our transition to few-shot sampling. We contrast all data strategies in

Table 5.1. While few-shot sampling demands expert labelling, the benefit to parsing ac-

curacy of fluent and relevant target language data may outweigh this cost. Furthermore,

access to target language data permits novel modelling contributions optimising data

efficiency within cross-lingual transfer (here and Chapter 6.) Practically, it is reasonable

to assume that data sampled from the target distribution will support generalisation to

107
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Chapter Modelling Data Strategy Advantage Disadvantage

Chapter 3 FATES: multi-encoder ensemble ‘Silver-standard’ machine translation Low cost to generate Low fluency

Chapter 4 ZEUS: alignment with auxiliary tasks Zero-shot using auxiliary corpora Typically easy to source Low relevance

Chapter 5 DRAKON: meta-learning for transfer Few-shot data sampling Natural and relevant to task Expensive

Table 5.1: Comparing the data strategies from current and prior chapters. In Chapter 5

and Chapter 6, we consider the possible merits of few-shot data sampling. We evaluate

if few-shot sampling, despite the expense of annotation, is more valuable for the task

than the alternative methods proposed in Chapter 3 and Chapter 4.

the target distribution. However, the expense of large-scale multilingual translation

mandates responsibility for ‘few-shot’ sampling to minimise this quantity of ‘few’

examples. Therefore, this chapter examines how sampling gold-standard data improves

cross-lingual semantic parsing, and the scale of required sampling to supersede methods

from previous chapters.

This chapter investigates a few-shot approach to cross-lingual semantic parsing

derived from meta-learning (Finn et al., 2017). The goal of meta-learning is to optimise

both the performance and the learning algorithm for any task. Typical meta-learning

optimises the learning capability of a model, such that a system can rapidly learn a new

task using few examples (i.e., improving learning to learn). This is often applied in a

multi-task learning framework episodically optimising the model to adapt towards a

sampled task with minimal training (Wang et al., 2020; Hospedales et al., 2022). This

is suitable for our case study for data-efficient transfer across languages. Therefore,

we follow cross-lingual adaptations of meta-learning by modelling parsing each target

language as a task (Nooralahzadeh et al., 2020). As outlined in Sections 5.1.2 to 5.1.3,

this approach offers a sample-efficient algorithmic solution to few-shot cross-lingual

transfer by integrating gradients from tasks with plentiful data (i.e., the source language)

and tasks with minimal data (i.e., target languages).

This chapter considers the hypothesis that meta-learning improves few-shot cross-
lingual transfer by promoting gradient-level cross-lingual regularisation. We

propose DRAKON,1 a method of efficiently integrating task fine-tuning for semantic

parsing and sample-efficient few-shot cross-lingual transfer. DRAKON uses first-order

meta-learning to approximate an ideal training step towards the optimal parameters for

semantic parsing (defined in Section 5.1). DRAKON augments this training step with

gradients from target language samples. These target language steps are now closely

1DRAKON is not an acronym and instead invokes an evolution of the Reptile algorithm (Nichol et al.,
2018) which we build on.
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aligned with the ideal training trajectory to improve the similarity in solutions for source

and target languages (see Section 5.1.6). We hypothesise that DRAKON improves

representation alignment by enforcing cross-lingual similarity in the parameter solution

during optimisation.

Our experimental results highlight that DRAKON generally improves on FATES

or ZEUS sampling gold-standard data while also requiring fewer dependencies with

potential failures (e.g., machine-translation engines or domain-irrelevant auxiliary cor-

pora). Meta-learning using DRAKON demonstrates data-efficient parsing and improves

representation similarity beyond our previous methods.

5.1 Problem Formulation

5.1.1 Observing the Target Language Distribution

From Chapter 2, we recall that for each target language l, there exists some true

underlying distribution, Dl over the data for the task. Previous chapters assume we

cannot sample Dl to produce an empirical estimate of the loss over this distribution.

This previously motivated sampling from alternative distributions we proposed could

generalise to test data from Dl . We now relax the constraint on sampling the true

distribution for training data, allowing a small quantity of natural language-logical

form paired training data examples in each target language. We previously discussed

sampling the target language distribution as uneconomical, however, the alternative

proposals risk additional costs to verify the viability of each alternative. These costs

may be disproportionate to the minimal effort of data collection and could accumulate

over time to cost more overall. As a counter, we conjecture that few-shot sampling

requires less quality auditing by virtue of sampling from the same distribution as the test

set. This sunk cost may ultimately prove more useful for our task if few-shot annotation

requirements can be minimised (Garrette and Baldridge, 2013).

We interpret the meaning of few in the few-shot cross-lingual transfer scenario as

a ratio of gold-standard translation from source to target language. Given a set of n

training examples, we partition this set into nEN samples in English (SEN i.e., the source

language) as Equation (5.1), and nl examples translated into all target languages, Sl , as

Equation (5.2). The total unique examples remains n = nEN +nl and nl is presumed to

be small (i.e., nl ≪ nEN). The size of nl required for accurate cross-lingual parsing is

an empirical question which we address in Section 5.3.
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SEN = {xEN, y}nEN
i=0 (5.1)

Sl = {xl, y}nl
i=0 (5.2)

5.1.2 Model Agnostic Meta-Learning (MAML)

The objective of meta-learning is to prime a model to quickly adapt to new tasks

using few training examples or steps (Wang et al., 2020, 2021b; Hospedales et al.,

2022). A common algorithmic methodology for meta-learning is the model-agnostic
meta-learning (MAML) framework (Finn et al., 2017) which we define in this section.

MAML introduces a “meta-training” optimisation phase wherein the objective is

to rapidly adapt to a set of known tasks by iteratively simulating few-shot learning.

The intention is to improve the speed of learning tasks rather than conventionally

optimising an objective function. Learning the capability to learn faster gives rise to

the “learning to learn” interpretation of how MAML works. At each episode, MAML

meta-training randomly samples a task τ with associated k batches of training data.

A model is optimised for τ with only k batches. MAML is typically employed in

multi-task training e.g., each ‘task’ is a specific classification scenario such as ‘classify

dogs from 10 sampled animal categories’ or ‘classify the sentiment for this language

with four examples’.

Equation (5.3) defines the MAML optimisation problem for each episode: optimise

model parameters θ such that loss for task τ, using loss function ℓτ, is lowest after k

update steps (represented by operator Uk
τ updating θ k times on task τ). The update, Uk

τ ,

is the conventional optimisation step to update θ based on loss, ℓτ, at each k step. The

episode’s final “meta-testing” update computes the loss after k updates and backprop-

agates this loss through the computation graph of all k updates. The effect of this is

that θ improves at task τ within the budget of k updates.

min
θ

Eτ

[
ℓτ

(
Uk

τ (θ)
)]

= Eτ

[
ℓτ

(
Uk

τ

(
Uk−1

τ

(
Uk−2

τ

(
. . .(U1

τ (θ1))
))))]

(5.3)

Typical MAML training is a multi-task episodic training loop repeatedly sampling

multiple tasks to improve model capability and speed for few-shot (k-shot) learning.

MAML training typically produces parameter initialisation only. Further conventional

fine-tuning is required to adapt to the desired task. The advantage of MAML is that this

final training requires fewer steps and data than fine-tuning without MAML. MAML



5.1. Problem Formulation 111

training is ultimately useful for adaptation to out-of-domain or low-resource scenarios

where data efficiency is increasingly important. However, a major criticism of MAML

is the computational complexity, as the final gradient requires backpropagating through

previous gradient updates. This higher-order gradient computation (i.e., “gradient

through a gradient”) calculates gradients over a complex and memory-intensive compu-

tation graph (see the unrolled Equation (5.3) for updating θ). This is often prohibitive

when training large models with high GPU memory demands. This has motivated study

into first-order meta-learning methods offering similar outcomes without higher-order

gradient computation.

5.1.3 First Order Approximations of MAML

Reptile (Nichol et al., 2018) offers a similar meta-learning algorithm with reduced

computational demand by transforming the meta-train gradient into a heuristic step using

the distance between the initial and final parameters. Nichol et al. (2018) demonstrate

that Reptile is convergent on a similar solution to MAML minimising the expected loss

over meta-training tasks. Reptile replaces the meta-test step, with respective higher-

order gradients, using the difference Uk
τ (θ)−θ as a gradient. Equation (5.4) describes

this objective. When k = 1, this is equivalent to gradient descent over expected loss

∇θℓτ (θ), but if k > 1 then Reptile training includes additional second-order derivatives

promoting cross-batch generalisation (discussed below).

min
θ

Eτ

[
Uk

τ (θ1)−θ1

]
(5.4)

Nichol et al. (2018) use a Taylor Series expansion on each gradient step in a Reptile

episode, gi, to demonstrate how Reptile approximates MAML. The components of this

analysis are shown in Equations (5.5) to (5.9), where ℓ is the loss function for the task,

θ are the model parameters, and α is the step size between steps in a single Reptile

episode.
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gi = ℓ′i (θi) Gradient at step i (5.5)

ḡi = ℓ′i (θ1) Gradient at initial point (5.6)

H̄i = ℓ′′i (θ1) Hessian at initial point (5.7)

θi = θi−1−αgi−1 Parameter vector at i from i−1 (5.8)

θk−θ1 =−α

k−1

∑
j=1

g j Total parameter vector at k (5.9)

The gradient at some step i can be expressed as a Taylor Series expansion in

Equation (5.10). The final term here describes non-critical effects proportional to step

size α omitted for clarity. Rearranging the components of this analysis yields a gradient

update at i with respect to the original parameters, θ1, as Equation (5.11).

gi = ℓ′i (θi) = ℓ′i (θ1)+ ℓ′′i (θ1)(θi−θ1)+O
(
α

2) (5.10)

gi = ḡi + H̄i (θi−θ1)+O
(
α

2) (5.11)

Using a substitution of Equation (5.9), we can express the gradient at i as Equa-

tion (5.12). The first term in Equation (5.12) is equivalent to the conventional training

loss minimisation. The second term optimises the inner product between the gradient

Hessian at i and the gradient from the previous steps < i. This secondary term pro-

motes similarity between gradients across multiple batches. This additional gradient

component is how Reptile improves over conventional gradient descent using only ḡi.

gi = ḡi−αH̄i

i−1

∑
j=1

ḡ j +O
(
α

2) (5.12)

Reptile can be interpreted as optimising towards the solution manifold for each

task τ (i.e., the subspace in θ of an optimal solution). Nichol et al. (2018) highlight

that Reptile training is an iterative solution minimising the distance between current

parameters and the manifold of optimal parameters for each task. Kedia et al. (2021)

further raise that Reptile training for a single task converges on this solution manifold.

The final Reptile update can be geometrically interpreted as the trivial vector addition

of each step’s gradient. The direction of the final update is the shared vector component

across all steps (i.e., gi cos(ϕ) for some angle ϕ). As k increases, the cross-batch

inner product term promotes generalisation across more batches from the training data
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distribution. The learned solution now improves loss on all batches (or all data as k

increases). The inner product in Equation (5.12) promotes learning in the direction of

the shared vector component to maximise the utility of the meta-training stage. Reptile

is similar to MAML in requiring a secondary fine-tuning stage for utility for an end

task.

5.1.4 Domain Generalisation MAML (DG-MAML)

The fine-tuning requirements of models trained with meta-learning create additional

effort beyond the existing expense of meta-training. A desire to remove the additional

complexity of fine-tuning after meta-learning has motivated efforts into meta-learning

for domain generalisation (Wang et al., 2021b). This approach to meta-learning modifies

MAML-based methods to directly simulate a domain shift by introducing a secondary

‘meta-test’ step after meta-training. This step optimises for cross-task generalisation

conditioning out-of-distribution performance (meta-test) on in-task few-shot learning

(meta-train). This simulation improves the model’s capability to reason about novel

domains without additional fine-tuning during inference. This appeals to our case study

by offering a few-shot optimisation strategy in a single training stage. Additionally,

it is desirable in our scenario to produce a singular multilingual model, rather than a

multilingual initialisation requiring monolingual fine-tuning for target languages.

Wang et al. (2021a) propose Domain Generalisation MAML (DG-MAML), a

methodology for generalisation in semantic parsing wherein the meta-train and meta-test

steps of MAML explicitly target generalisation across different domains. This follows

the setup of MAML in Section 5.1.2, but samples different tasks for meta-training and

meta-testing. A ‘task’ in DG-MAML is a set of paired data examples relevant to a spe-

cific database (i.e., the domain). A single step of DG-MAML might use meta-training

on a database of baseball statistics, and meta-testing will evaluate generalisation to a

database about bird migration. This simulates the same domain transfer objective from

MAML in a framework specific to semantic parsing. DG-MAML modifies the MAML

objective to Equation (5.13), where τTRAIN and τTEST are semantic parsing tasks from

different databases (i.e., different databases, tables and column structures with different

grounding environments).

min
θ

EτTEST

[
ℓτTEST

(
Uk

τTRAIN
(θ)

)]
(5.13)
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Wang et al. (2021a) also propose Domain Generalisation First-Order MAML (DG-

FMAML): a simplified first-order variant, competitive with DG-MAML with reduced

memory and computation demands. The objective of DG-FMAML is to minimise

the loss on τTEST after one update on τTRAIN as Equation (5.14). This updates θ by

simulating a domain shift without requiring higher-order gradients.

min
θ

EτTEST

[
Uk=1

τTrain
(θ1)−θ1

]
(5.14)

The similarities between Equation (5.4) and Equation (5.14) highlight that Reptile

and DG-FMAML are closely related. The former excludes a meta-testing step to run

multiple updates over some τTRAIN task and the latter can be interpreted as Reptile with

k = 1 and an additional meta-test loss. In this chapter, we reconcile these algorithmic

similarities into a single optimisation process. For cross-lingual transfer, we view each

language as a task to optimise generalisation from the source language (meta-training

on English) to target languages during meta-testing.

5.1.5 DRAKON: Meta-Learning for Cross-lingual Transfer

Our method, DRAKON, integrates the solution manifold optimisation from Reptile

with the out-of-domain generalisation from DG-FMAML. This yields a meta-learning

algorithm capable of cross-lingual adaptation from English to target languages as a

single training process without additional fine-tuning. DRAKON extends and unifies

Reptile and DG-FMAML by combining practices from each algorithm. DRAKON

extends Reptile by augmenting the meta-training step with out-of-distribution (i.e., cross-

lingual) generalisation. DRAKON extends DG-FMAML by replacing the single step on

τTRAIN with a Reptile step over k batches. We show that DRAKON aligns with the τTEST

step with an approximation of the global training trajectory rather than a single batch.

In terms of meta-learning tasks, our approach to cross-lingual transfer uses English

paired training data as the meta-training task, τTRAIN, and few-shot samples of each

target language as the meta-testing task, τTEST. Meta-training optimises the semantic

parsing task loss, using English, and meta-testing regularises this optimisation to

additionally promote cross-lingual similarity in gradient steps.

5.1.5.1 Meta-Training a Semantic Parser

Meta-training uses the Reptile inner-loop described in Equation (5.4). The high-resource

task is often referred to as the “support” task used to condition optimisation for another
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“target” task. We sample k batches of English paired training data, BS = {(xEN, y)}k.

For each of k batches: we generate predictions, compute losses, calculate gradients

and adjust parameters using some optimiser (see illustration in Figure 5.1). After k

successive optimisation steps: the initial weights in this episode, θ1, are optimised

to θk. This process, as Equation (5.15), matches the Reptile process in Equation (5.4).

Equation (5.16) shows the meta-train update, ∇τTRAIN as the Reptile difference step

between initial and final parameters.

θk =Uk
τTRAIN

(θ1) (5.15)

∇τTRAIN = θk−θ1 =Uk
τTRAIN

(θ1)−θ1 (5.16)

Optimisation using ∇τTRAIN corresponds to optimisation towards the solution mani-

fold for monolingual semantic parsing. While MAML is typically a multi-task objective

during meta-training, we follow Kedia et al. (2021) highlighting the generalisation ben-

efit of single-task meta-training. Our intuition is that this optimisation target represents

the task solution for any high-resource language.

5.1.5.2 Meta-Testing for Cross-lingual Generalisation

DRAKON combines meta-training using Reptile with meta-testing evaluation on a τTEST

sampling data from target languages. The τTEST task, or “target” task, predicts loss on

batches from τTEST conditioned on the meta-training described above. Meta-testing

samples a target language, l ∼ L, and the target batch, BT = (xl, y), to compute loss

ℓτTEST at θk. Equation (5.17) expresses the meta-test loss as the minibatch loss over BT

with respective meta-test gradient, ∇τTEST , as Equation (5.18).

ℓτTEST =
1
∥BT∥ ∑

(x,y)∈BT

ℓ(x, y) (5.17)

∇τTEST = ∇ℓτTEST (= gτTEST) (5.18)

We evaluate the parser on a sampled target language for cross-lingual generalisation

conditioned on the Reptile update at θk. The gradient of the meta-test loss can be

expressed in the same notation as Equation (5.10) as gτTEST . We show in Section 5.1.6

that this gradient comprises target loss at θk and additional terms maximising the inner

product between gradients of different languages (similar to Equation (5.11)).
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Algorithm 1 DRAKON

Require: Number of training episodes, T , and number of inner Reptile steps, k.

Require: Support data sample, SEN

Require: Target data samples, Sl , for each language l in target languages L = {l1, . . . , lL}.
Require: Inner learning rate, α, outer learning rate, β

Require: Inner optimiser, U (θi,α,∇), updating θi according to step size α and gradient ∇.

Require: Outer optimiser, V (θt ,β,∇), updating θt according to step size β and gradient ∇.

1: Initialise θt=1, the vector of initial parameters

2: for t← 1 to T do

3: Sample K support batches {BS}K
k=1 from SEN.

4: Sample target language l from L languages.

5: Sample target batch BT from Sl .

6: for i← 1 to k [Inner Loop] do

7: ℓτTRAIN =
1
∥BS

i ∥
∑(x,y)∈BSi ℓ( f (x, y))

8: θi+1←U (θi, α, ∇ℓτTRAIN)

9: end for

10: Meta-Training gradient: ∇τTRAIN = θk−θ1

11: Meta-Test step: ℓτTEST =
1
∥BT ∥ ∑(x,y)∈BT ℓ( f (x, y))

12: Total gradient: ∇Σ = ∇τTRAIN +∇ℓτTEST

13: Update θt+1←V (θt , β, ∇Σ)

14: end for

source language assuming the epochs across different data sources are synchronised.

DG-FMAML requires as much target task data as support task data with the same

assumptions. For example, if k = 10 then using this 1
k proportionality requires 10% of

target-language data relative to support. Multilingual training on L languages requires

a smaller 1
Lk sample per language for equivalent synchronisation. We demonstrate in

Section 5.3 that we can use a smaller < 1
Lk quantity per target language to increase

sample efficiency i.e., the target task epochs can be shorter than support task epochs.

This improves the data efficiency of DRAKON without penalty to parser accuracy.

5.1.6 Gradient Analysis of DRAKON

We now analyse the generalisation behaviour within DRAKON using a Taylor Series

approximation of gradients. Figure 5.2 outlines the gradients for a single DRAKON step.

Following Nichol et al. (2018), we recall the gradient in a single step of the inner loop

(Algorithm 1 Line 8) as Equation (5.12). This gi comprises the loss minimising gradient
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gτTEST = ḡτTEST −αH̄τTEST ∇τTRAIN +O
(
α

2) (5.20)

As an example, we can express the total gradient update, ∇Σ, when k = 2 as

Equation (5.21). Within the parentheses are the intra-task and cross-lingual gradient

products as components promoting fast learning across multiple axes of generalisation.

We describe the effect of gτTEST as cross-lingual regularisation of the solution manifold

learned from meta-training.

∇Σ = g1 +g2 +gτTEST

= ḡ1 + ḡ2 + ḡτTEST

−α(ḡ2ḡ1 + ḡτTEST [ḡ1 + ḡ2])+O
(
α

2) (5.21)

The critical hyperparameter in DRAKON is the number of inner-loop steps, k, repre-

senting a trade-off between the Reptile step complexity and target step frequency. At

small k, the Reptile approximation of the global training trajectory may be suboptimal,

leading to poor overall learning with frequent gτTEST steps encouraging cross-lingual

generalisation. At large k, an improved Reptile trajectory approximation (with higher k)

incurs fewer target batch steps per epoch. In this case, insufficient cross-lingual reg-

ularisation may now limit target language performance. We observe an empirical

trade-off in setting k which we discuss further in Section 5.3. Similar to DG-FMAML,

DRAKON does not require additional fine-tuning as the cross-task generalisation is

explicit within the algorithm. DRAKON can be naively interpreted as integrating the

Reptile meta-training and target language fine-tuning stages. However, the actual ad-

vantage of DRAKON is the additional inner product terms in Equation (5.21) promoting

cross-lingual generalisation.

5.2 Experiments

5.2.1 Datasets and Few-shot Sampling

MultiATIS++SQL We use MultiATIS++SQL now assuming partial access to the

training split of MultiATIS++SQL. Section 2.3.1 details a complete description of

MultiATIS++SQL with input-output examples shown in Table 2.5. We use the Mul-

tiATIS++SQL multilingual test set for evaluating cross-lingual transfer from English
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(EN) to French (FR), Portuguese (PT), Spanish (ES), German (DE), and Chinese (ZH).

For text-to-SQL type semantic parsing, there are no standard practices for few-shot data

selection. Therefore, we build few-shot samples by randomly sampling some percent-

age of data and using the target language examples in this group with the remaining

examples in English. We examine few-shot sample ratios at 1%, 5%, and 10% of the

existing data. With a total training sample of 4473 examples, these sampling rates

correspond to 45, 224, and 447 examples in each few-shot percentage respectively. We

report the average of five runs to minimise variation from random sampling.

MTOP We also evaluate the MTOP dataset using English as the support task and

target languages as the target task. Section 2.3.2 details a complete description of

MTOP with input-output examples shown in Table 2.6. We use the MTOP multilingual

test set for evaluating cross-lingual from English (EN) to French (FR), Spanish (ES),

German (DE), Hindi (HI), and Thai (TH). Unlike for MultiATIS++SQL, there is

an existing rationale for few-shot transfer of spoken-language understanding (SLU)

dialogue semantic parsing. SCIEM accuracy is discussed further in Section 2.3. We

follow the Samples-per-Intent-and-Slot (SPIS) strategy from Chen et al. (2020) adapted

to our cross-lingual scenario. SPIS randomly selects examples and keeps data that

mention any slot and intent value (e.g., “IN:” and “SL:”) with fewer than some rate

in the existing subset. Sampling stops when all slots and intents have a minimum

frequency of the sampling rate. Practically, an SPIS rate of 1, 5, 10 approximately

equates to 284 (1.8%), 1,125 (7.2%), and 1,867 (11.9%) examples for MTOP in each

target language. Similar to MultiATIS++SQL, we report the average of five runs.

The SPIS sampling approach approximately normalises the frequency of semantic

categories (intent or slot) and ensures all categories are similarly represented in the

few-shot sample. Therefore the model will observe most semantic categories a similar

number of times to not inherit any label biases in the low-resource domain (or language).

This can be interpreted as creating an approximately uniform prior distribution over

labels for the target language.

5.2.2 Experimental Setting

We use the DRAKON algorithm to train an encoder-decoder parser following the model

design discussed in Section 2.2.1. We compare to previous methods in Chapters 3 to 4

and various robust baselines for few-shot cross-lingual transfer.
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5.2.2.1 Setting and Comparison

MULTILINGUAL Gold A multilingual Transformer is trained on the union of all

professionally translated data. As in Chapters 3 to 4, this represents the upper bound
for our model using all available data without few-shot constraints.

EN Only A monolingual Transformer is trained on only English training data. This

model is evaluated on the target language test data with no translation. This is a

zero-shot baseline for Chapter 4.

TRANSLATE TEST A monolingual Transformer is trained on source English data (SEN).

Machine translation is used to translate test data from target languages into English.

Logical forms are predicted from translated data using the English model. This is the

silver-standard baseline method for Chapter 3. As in Chapter 4, we report this baseline

using OPUS translation (Tiedemann and Thottingal, 2020).

TRANSLATE TRAIN Machine translation is used to translate English training data into

each target language as described in Chapter 3. A monolingual Transformer is trained

on translated training data and logical forms are predicted using this model. This is the

silver-standard baseline method for Chapter 3. As in Chapter 4, we report this baseline

using OPUS translation (Tiedemann and Thottingal, 2020)

FATES Our proposal for machine translation from Chapter 3 using multiple encoders

and multiple MT engines for cross-lingual semantic parsing without gold training data.

This is the best silver-standard method from Chapter 3.

ZEUS Our zero-shot multi-task model from Chapter 4 using auxiliary data for cross-

lingual latent representation alignment. We note that ZEUS already performs close to

the upper bound but few-shot sampling may be more data efficient than leveraging large

corpora for auxiliary tasks. This is the best zero-shot method from Chapter 4.

Train-EN∪All A Transformer is trained on English data and samples from all target

languages together in a single stage i.e., SEN∪SL. This is superior to training without

English (on SL only), we contrast to this approach for a more competitive comparison.

This is a baseline few-shot method.
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Train-EN→FT-All Similar to Train-EN∪All, but in successive stages. A model is

trained on SEN and then fine-tuned on target samples, SL. This is similar to the meta-

learning paradigm using simpler Adam optimisation for the first stage. This is a baseline

few-shot method.

Reptile-EN→FT-All Initial training uses Reptile (Nichol et al., 2018) on English

support data followed by fine-tuning on target samples, SL. This is a typical usage

of Reptile for training a low-resource multi-domain parser (Chen et al., 2020). As

mentioned above, this method is the same constituent meta-training and meta-testing

steps as DRAKON split into distinct training phases. This is a baseline few-shot method.

DG-FMAML We compare to DG-FMAML (Wang et al., 2021a) in Section 5.3.3 in

our analysis and study of tuning the k hyperparameter. As previously mentioned,

DG-FMAML is a special case of DRAKON when k = 1. This is a baseline few-shot
method.

5.2.2.2 Model Training

As in previous chapters, we follow the Transformer encoder-decoder setup from Sec-

tion 2.2.2. The encoder, Qφ, is pre-trained using the encoder parameters from the

MBART50 pre-trained model (Tang et al., 2021). This model has a single Transformer

decoder, Gψ, trained from scratch.

We focus on the algorithmic contribution of DRAKON by fixing the same model for

all experiments. This isolates the contribution of the training algorithm only. Experi-

mental hyperparameters were tested at the few-shot rate of 1% for MultiATIS++SQL

and then applied to all experiments. For the inner optimisation loop in Algorithm 1, we

use Stochastic Gradient Descent (SGD) with a learning rate, α, of 1×10−4. Using an

adaptive optimiser in the inner loop (e.g., Adam) was observed to degrade performance.

As we required to reset the inner-loop optimiser for each inner loop (i.e., after the

k outer step), we found no benefit to an adaptive optimiser which struggle to learn

adaptive learning statistics over < k steps. In contrast, the outer optimisation loop uses

the Adam-based optimisation setting, defined in Section 2.2.2, where the optimiser

learns adaptive learning statistics over the outer-loop steps defined by total updates e.g.,

Equation (5.21). We did not experiment with learning different normalisation layers

for inner and outer loops as our network does not use batch-level normalisation. We

suggest this may be necessary for other architectures. We also did not weight decay
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during learning as both were observed to damage the meta-training gradient update. We

optimise the episode length to k = 10 and discuss this setting in Section 5.3.3. We train

DRAKON for 100 epochs over the inner-loop data with early stopping after 50 epochs

using a validation loss criterion. We identify that DRAKON requires a minimum of 50

epochs of training to produce superior cross-lingual transfer outcomes.

5.3 Results

We train a parser using the DRAKON algorithm described in Section 5.1 in the experi-

mental settings outlined in Section 5.2. As DRAKON is an algorithm contribution, we

focus on evaluating DRAKON to verify the utility of our method compared to training

methods with the same model and data. This differs from Chapters 3 to 4 detailing

modelling contributions for the same problem.

5.3.1 Is a Few-shot Transfer Methodology Competitive?

We compare DRAKON to upper- and lower-bounds in Table 5.3. As in previous chapters,

the upper-bound is ‘MULTILINGUAL Gold’ training on all available data. The lower

bounds are machine-translation methods using OPUS (Tiedemann and Thottingal, 2020),

and the zero-shot ‘EN Only’ baseline.

Lower Bound Baselines: We compare DRAKON across three sampling rates to

translation and zero-shot baselines in Table 5.2. For both MultiATIS++SQL and MTOP,

a few-shot method with the smallest sample size (1% or 1 SPIS respectively) surpasses

both translation methods and zero-shot transfer from English.

For MultiATIS++SQL, DRAKON @1% demonstrates a +12.4% and +13.2% im-

provement relative to TRANSLATE TRAIN and TRANSLATE TEST respectively. Simi-

larly for MTOP, the DRAKON @1 SPIS parser improves over translation by 33.5% and

6.2% for TRANSLATE TRAIN and TRANSLATE TEST. DRAKON is superior to synthetic

data even with very few gold examples. The DRAKON @1% improves over zero-shot

‘EN only’ by ≥ 21.7% and ≥ 22.2% for MultiATIS++SQL and MTOP respectively.

Unsurprisingly, few-shot transfer supersedes zero-shot transfer without representation

alignment. For either dataset, increasing the sample size further improves accuracy gain

over all baselines. Analysing the performance gap between DRAKON and baselines, we

identify that correctly interpreting entities is the primary benefit of DRAKON. Baseline
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EN FR PT ES DE ZH TARGET AVG.

TRANSLATE TRAIN OPUS — 56.8 39.1 51.8 60.4 59.6 53.5

TRANSLATE TEST OPUS — 57.7 58.1 58.3 58.8 50.9 56.8

EN Only 77.2 61.3 42.5 46.5 50.2 38.5 47.8

DRAKON @1% 73.8±0.3 70.4±1.8 70.8±0.7 68.9±2.3 69.1±1.2 68.1±1.2 69.5±1.1

DRAKON @5% 74.4±1.3 73.0±0.9 71.6±1.1 71.6±0.7 71.1±0.6 69.5±0.5 71.4±1.3

DRAKON @10% 75.8±1.3 74.2±0.2 72.8±0.6 72.1±0.7 73.0±0.6 72.8±0.5 73.0±0.8

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

TRANSLATE TRAIN OPUS — 24.4 23.1 32.7 22.4 9.5 22.4

TRANSLATE TEST OPUS — 44.9 63.1 39.1 47.1 54.2 49.7

EN Only 72.4 42.0 43.9 46.8 23.1 12.8 33.7

DRAKON @1 SPIS 71.8±2.0 59.0±1.7 61.1±1.1 59.4±1.6 56.1±1.4 43.9±2.3 55.9±6.9

DRAKON @5 SPIS 72.1±1.9 65.4±2.6 67.0±4.6 65.3±2.6 63.0±0.1 49.8±0.8 62.1±7.0

DRAKON @10 SPIS 72.5±0.4 65.6±0.5 67.5±0.8 65.8±0.6 63.8±1.1 50.6±1.1 62.7±6.9

(b) MTOP

Table 5.2: Comparisons between DRAKON to lower-bounds for (a) MultiATIS++SQL

execution accuracy and (b) MTOP SCIEM accuracy. We compare DRAKON to machine-

translation baselines and the zero-shot transfer performance from training only on

English. DRAKON must surpass these lower-bound baselines to justify the few-shot

approach. For few-shot methods, we report the average over five different few-shot data

splits ± the standard deviation across runs. The significant best result is bolded.
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methods can mistranslate or omit fluent references to entities in target languages. While

this is inconsequential for some NLU tasks (Conneau et al., 2018b), this error is often

critical for semantic parsing. DRAKON improves how observed, or unobserved, enti-

ties are modelled during cross-lingual transfer. We expand on this discussion as error

analysis in Section 5.3.5.

Despite overall improvement, we note that the standard deviation for DRAKON @1

SPIS overlaps with TRANSLATE TEST despite significant improvement overall. TRANS-

LATE TEST is the strongest baseline for both datasets by modelling the task entirely

in English. As translation into English is often superior to translation from English

(Moghe et al., 2023b), we anticipate the highest quality translation from this baseline.

We identify in Table 5.4 that data quality and our algorithmic improvements to training

are required to no longer overlap with TRANSLATE TEST. We note that DRAKON does

not surpass the silver-standard LLM-based methods we discuss in Chapter 3. Further

improvements to sample-efficient few-shot generalisation are needed to compete with

larger models using synthetic data. We revisit this comparison in Chapter 6 where our

contribution is more competitive.

Upper Bounds and Prior Methods We compare DRAKON to the ‘MULTILINGUAL

Gold’ upper-bound, FATES from Chapter 3, and ZEUS from Chapter 4 in Table 5.3. At

higher sampling rates, DRAKON approaches the upper bound at only −0.2% or −3.3%

difference for MultiATIS++SQL or MTOP respectively. Considering ‘MULTILINGUAL

Gold’ uses ≥ 10× the data of DRAKON with similar performance — this result high-

lights the benefit of our optimisation strategy targeting cross-lingual transfer beyond

simply adding more data. We visualise this comparison in Section 5.3.4.

DRAKON performs above FATES even at the smallest sampling ratios: +2.0% for

MultiATIS++SQL and +18.8% for MTOP. We infer that small gold data samples are

more valuable than larger samples of “silver-standard” data from machine translation

for our case study. In contrast, we find that DRAKON does not improve on ZEUS at the

smallest sampling ratio and requires additional data (i.e., 5% rate for MultiATIS++SQL

or 5 SPIS rate for MTOP2) for significantly improved parsing than ZEUS. At a surface

level, this raises that zero-shot transfer can be superior to few-shot transfer. However,

the best setting of ZEUS requires > 50,000 target language utterances for latent rep-

resentation alignment; whereas DRAKON uses only hundreds of annotated examples

2We henceforth refer to the sampling ratio of X% or X SPIS, for MultiATIS++SQL and MTOP
respectively, as X% for clarity.
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EN FR PT ES DE ZH TARGET AVG.

MULTILINGUAL Gold 74.9 74.2 73.0 70.4 74.6 73.7 73.2

FATES (best) 74.9 70.5 69.2 62.4 68.7 66.5 67.5

ZEUS (best) 74.4 72.3 69.7 68.5 69.0 69.2 69.7

DRAKON @1% 73.8±0.3 70.4±1.8 70.8±0.7 68.9±2.3 69.1±1.2 68.1±1.2 69.5±1.1

DRAKON @5% 74.4±1.3 73.0±0.9 71.6±1.1 71.6±0.7 71.1±0.6 69.5±0.5 71.4±1.3

DRAKON @10% 75.8±1.3 74.2±0.2 72.8±0.6 72.1±0.7 73.0±0.6 72.8±0.5 73.0±0.8

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

MULTILINGUAL Gold 75.5 69.7 72.4 67.9 65.5 54.6 66.0

FATES (best) 69.7 44.7 45.7 49 32.9 13.4 37.1

ZEUS (best) 77.5 66.2 67.4 64.2 59.4 47.7 61.9

DRAKON @1 SPIS 71.8±2.0 59.0±1.7 61.1±1.1 59.4±1.6 56.1±1.4 43.9±2.3 55.9±6.9

DRAKON @5 SPIS 72.1±1.9 65.4±2.6 67.0±4.6 65.3±2.6 63.0±0.1 49.8±0.8 62.1±7.0

DRAKON @10 SPIS 72.5±0.4 65.6±0.5 67.5±0.8 65.8±0.6 63.8±1.1 50.6±1.1 62.7±6.9

(b) MTOP

Table 5.3: Comparisons between DRAKON to upper-bound training and the best methods

from previous Chapters for (a) MultiATIS++SQL execution accuracy and (b) MTOP

SCIEM accuracy. We compare between (a) training on gold-standard translations in

all target languages (MULTILINGUAL Gold); (b) FATES from Chapter 3; and the ZEUS

zero-shot model from Chapter 4.For few-shot methods, we report the average over five

different few-shot data splits ± the standard deviation across runs. The significant best

result is bolded.
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for similar performance. We could therefore consider DRAKON as more data-efficient

than ZEUS, and potentially more economical depending on the annotation costs of the

few-shot sample.

Our findings compared to baselines and previous chapters further highlight the

importance of data quality. We observe that small samples of gold annotated translations

are more valuable for training than either larger quantities of synthetic data or alternative

gold data from auxiliary tasks. Few-shot cross-lingual transfer yields the best outcomes

with pragmatic costs for our case study.

5.3.2 Is DRAKON the Best Few-Shot Generalisation Strategy?

We compare DRAKON to established learning algorithms in Table 5.4 for Multi-

ATIS++SQL and MTOP. This evaluates the DRAKON algorithm relative to other meth-

ods with identical models and data resources. Across comparison methods, we observe

that single-stage training (‘Train-EN∪All’) underperforms compared to two-stage train-

ing (‘Train-EN→FT-All’ or ‘Reptile-EN→FT-All’) at every sampling ratio. We suggest

that English data may “dominate” the few-shot sample in this approach for poorer

target language accuracy. The strongest comparison is the ‘Reptile-EN→FT-All’ model,

highlighting that meta-learning is a competitive baseline for single-task optimisation.

DRAKON significantly improves cross-lingual generalisation across all languages at

equivalent and lower sample sizes. For MultiATIS++SQL at 1%, DRAKON improves by

an average +15.7% over the closest comparison, ‘Reptile-EN→FT-All’, and +27.1%

for the weakest ‘Train-EN∪All’ comparison. Similarly at 5%, we find +9.8% gain, and

at 10%, we find +8.9% relative to the ‘Reptile-EN→FT-All’ competitor. Similarly for

MTOP, the benefit of DRAKON is +6.6% at 1%, +2.2% at 5% and +1.2% at 10% over

‘Reptile-EN→FT-All’. The benefit of DRAKON is broadly weaker for MTOP than for

MultiATIS++SQL. This can be attributed to more challenging cross-lingual transfer for

MTOP where utterance tokens are inserted into the logical form (see Section 2.3.2).

Contrasting across sample sizes — the most accurate version of DRAKON uses

@10% or 10 SPIS sampling for MultiATIS++SQL and MTOP respectively. However,

the 5% sampling ratio performs more similarly to 10% than the lowest sampling

ratio. Sampling at 5% is only −1.6% or −0.6% below the best performance for

MultiATIS++SQL and MTOP respectively. This benefit is smaller than the +1.9% or

+6.2% improvement between 1% and 5%. The decreasing marginal benefit of additional

data highlights a trade-off between the value of high-quality data for parsing and the
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Training Algorithm EN FR PT ES DE ZH TARGET AVG.

@1%

Train-EN∪All 69.7±1.4 44±3.5 42.2±3.7 38.3±6.8 45.8±2.6 41.7±3.6 42.4±2.8

Train-EN→FT-All 71.2±2.3 53.3±5.2 49.7±5.4 56.1±2.7 52.5±6.7 39.0±4.0 50.1±6.6

Reptile-EN→FT-All 73.2±0.7 58.9±4.8 54.8±3.4 52.8±4.4 60.6±3.6 41.7±4.0 53.8±7.4

DRAKON 73.8±0.3 70.4±1.8 70.8±0.7 68.9±2.3 69.1±1.2 68.1±1.2 69.5±1.1

@5%

Train-EN∪All 67.3±1.6 55.2±4.5 54.7±4.5 44.4±4.5 55.8±2.9 52.3±4.3 52.5±4.7

Train-EN→FT-All 69.2±1.9 58.9±5.3 54.8±5.4 52.8±4.5 60.6±6.5 41.7±9.5 53.8±7.4

Reptile-EN→FT-All 69.5±1.8 65.3±3.8 61.3±6.0 59.6±2.6 64.9±5.1 56.9±9.2 61.6±3.6

DRAKON 74.4±1.3 73.0±0.9 71.6±1.1 71.6±0.7 71.1±0.6 69.5±0.5 71.4±1.3

@10%

Train-EN∪All 65.7±1.9 61.5±1.7 62.1±2.3 53.7±3.2 62.7±2.3 60.6±2.4 60.1±3.7

Train-EN→FT-All 67.4±1.9 63.8±5.8 60.3±5.3 59.6±4.0 64.5±6.5 58.4±6.4 61.3±2.7

Reptile-EN→FT-All 72.8±1.8 66.3±4.2 64.6±4.9 62.3±6.4 66.6±5.0 60.7±3.6 64.1±2.6

DRAKON 75.8±1.3 74.2±0.2 72.8±0.6 72.1±0.7 73.0±0.6 72.8±0.5 73.0±0.8

(a) MultiATIS++SQL

Training Algorithm EN FR ES DE HI TH TARGET AVG.

@1 SPIS

Train-EN∪All 71.5±8.6 44.2±5.2 44.8±2.1 44.3±5.5 42.1±10.2 31.8±6.4 41.4±5.5

Train-EN→FT-All 66.8±4.0 45.8±5.7 45.7±8.2 45.6±5.5 44.5±8.5 34.4±3.3 43.2±4.9

Reptile-EN→FT-All 70.7±2.2 52.2±0.7 53.9±5.2 53.1±1.9 50.1±5.8 37.3±7.1 49.3±6.9

DRAKON 71.8±2.0 59.0±1.7 61.1±1.1 59.4±1.6 56.1±1.4 43.9±2.3 55.9±6.9

@5 SPIS

Train-EN∪All 71.8±4.7 53.7±3.3 54.2±5.9 55.3±4.3 52.6±3.2 41.4±2.9 51.5±5.7

Train-EN→FT-All 71.2±2.9 58.6±7.3 60.2±4.2 59.1±6.0 55.3±7.4 43.8±10.7 55.4±6.8

Reptile-EN→FT-All 71.9±2.7 63.2±0.7 65.2±6.6 63.2±3.1 60.7±3.3 47.1±1.3 59.9±7.3

DRAKON 72.1±1.9 65.4±2.6 67.0±4.6 65.3±2.6 63.0±0.1 49.8±0.8 62.1±7.0

@10 SPIS

Train-EN∪All 69.3±1.6 60.0±2.3 60.9±3.3 61.2±2.2 59.3±3.4 45.2±1.3 57.3±6.8

Train-EN→FT-All 71.4±3.4 61.2±2.4 63.4±1.1 61.6±3.6 58.7±2.3 46.1±2.9 58.2±6.9

Reptile-EN→FT-All 71.8±4.5 64.5±2.4 66.1±3.4 64.8±6.5 62.0±7.2 50.2±6.6 61.5±6.5

DRAKON 72.5±0.4 65.6±0.5 67.5±0.8 65.8±0.6 63.8±1.1 50.6±1.1 62.7±6.9

(b) MTOP

Table 5.4: Comparisons between DRAKON and few-shot training algorithms outlined

in Section 5.2.2 for (a) MultiATIS++SQL and (b) MTOP. We compare each algorithm

on identical data splits across three realistic low-resource sampling scenarios for each

dataset. Our results demonstrate the benefit of DRAKON compared to adjacent methods

using the same data resources. For few-shot methods, we report the average over five

different few-shot data splits ± the standard deviation across runs. The significant best

result is bolded.



5.3. Results 129

diminishing results of additional annotation. A 5% sample is sufficient to improve on

our methods from previous chapters and approximate the most accurate model with less

data.

Comparing the benefit of greater sampling across methods, DRAKON is more

‘stable’: offering accurate parsing at lower sampling rates and marginal increases from

more data. This contrasts with other methods of gaining +17.7%, +11.2% or +10.3%

improvement between @1% and @10% on MultiATIS++SQL for ‘Train-EN∪All’,

‘Train-EN→FT-All’, and ‘Reptile-EN→FT-All’ respectively. As every method improves

with more data, the higher gain for each comparison highlights the inadequacy with few

samples, rather than the benefit of additional examples. Notably, the improvement of

DRAKON over ‘Reptile-EN→FT-All’, which is the same optimisation split into different

training stages, highlights how our regularised manifold learning approach is superior to

learning a manifold through meta-training and later fine-tuning this to target languages.

Across languages at 1% sampling, DRAKON improves primarily for languages

dissimilar to English to better minimise the cross-lingual transfer gap. For Multi-

ATIS++SQL ZH, we see that DRAKON @1% is +26.4% above the closest baseline.

This contrasts with the smallest gain of +8.5% MultiATIS++SQL DE. Our improve-

ment also yields less variability across target languages—the standard deviation across

languages for DRAKON @1% is σ = 1.1, compared to σ = 2.8 for ‘Train-EN∪All’ or

σ = 7.4 for ‘Reptile-EN→FT-All’.

5.3.3 Which Hyperparameters are Critical for DRAKON?

We report ablations on DRAKON as a case study on MultiATIS++SQL in Figure 5.3.

We vary the inner loop size hyperparameter k at 5% sampling for Figure 5.3(a) and vary

the sampling ratio with fixed k = 10 for Figure 5.3(b). As previously discussed, the 5%

sampling rate is sufficient to perform above all baselines and methods from previous

chapters. All discussed findings extend to the MTOP dataset but are omitted for brevity.

Influence of k on Performance In Figure 5.3(a), we study the influence of hyperpa-

rameter k (the inner-loop size in Algorithm 1 or the batches approximating the solution

manifold trajectory) on target language accuracy. When k = 1, DRAKON is equivalent

to DG-FMAML (Wang et al., 2021a) and approximates the training trajectory using a

single batch. We observe k = 1 is suboptimal across all target languages and suggest

that DRAKON is broadly an improvement to DG-FMAML. We empirically observe





5.3. Results 131

that increasing k benefits performance by encouraging cross-lingual generalisation with

the gradient trajectory instead of a single batch. However, as discussed in Section 5.2,

increasing k also decreases the frequency of the outer step within an epoch—leading to

poor cross-lingual transfer at high k. We identify a stable operating regime for setting

k around k = 10 where performance is approximately similar. Given this setting of k,

the target sample size must be 10% of the support sample size for synchronised train-

ing epochs. However, Table 5.4 identifies DRAKON as the most robust algorithm for

“over-sampling” smaller target samples for resource-constrained cross-lingual transfer.

Performance with Larger Sampling Ratios We consider a wider range of target data

sample sizes between 1% to 50% in Figure 5.3(b). Baseline approaches converge in

performance between 71.0% and 73.5% at 50% target sample size. The comparative

benefit of DRAKON maintains at higher sample sizes with an accuracy of 76.5%. The

benefit of DRAKON is still greatest at low sample sizes; however, we maintain a +2.6%

gain over the closest system at 50%. While low sampling is the most economical,

the consistent benefit of DRAKON suggests an overall benefit using DRAKON for

cross-lingual optimisation.

5.3.4 Visualising Latent Representation Similarity

Analysis of DRAKON in Section 5.1.6 presupposes that first-order meta-learning creates

a dense high-likelihood sub-region in the parameters (i.e., solution manifold). Under

these conditions, representations of target languages should cluster close to represen-

tations for the support task, given the optimisation combining the gradients for both

tasks. This should allow for rapid adaptation with minimal samples. This contrasts

with methods without meta-learning, lacking guidance on representation density or

gradient similarity. However, metrics in Tables 5.2 to 5.4 do not directly study if this

intended effect arises. To this end, we visualise the latent encodings of the Multi-

ATIS++SQL test inputs following Section 2.4.2. In Figure 5.4, we compare to other

few-shot methodologies, and in Figure 5.5, we compare to our prior methods and the

upper/lower bounds. We identify that DRAKON produces less monolingual clustering

artefacts than FATES or ZEUS. We conjecture that cross-lingual similarity is a proxy for

manifold alignment—our goal is accurate cross-lingual transfer using closely aligned

representations from source and target languages (Xia et al., 2021).

We quantitatively analyse the relationship between latent representations in Table 5.5.
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Method Type Method Cosine (↑) Top-1 Top-5 Top-10

Pre-trained Model MBART50 0.576 0.521 0.745 0.796

Lower Bound EN Only 0.364 0.669 0.775 0.964

Upper Bound MULTILINGUAL Gold 0.698 0.784 0.981 0.991

Machine Translation FATES 0.670 0.720 0.957 0.992

Zero-shot ZEUS 0.760 0.832 0.944 0.971

Few-shot @1% sampling

Train-EN∪ALL 0.470 0.634 0.835 0.877

Train-EN→FT-ALL 0.541 0.714 0.898 0.922

Reptile-EN→FT-ALL 0.673 0.702 0.920 0.946

DRAKON 0.844 0.797 0.949 0.963

Table 5.5: Average similarity between encodings of English and target languages for

MultiATIS++SQL. Cosine similarity evaluates average distance between encodings of

parallel sentences. Top-k evaluates if the parallel encoding is ranked within the k most

cosine-similar vectors (higher (↑) is better). Best excluding the upper-bound is bold.

We observe that some few-shot baselines have a weaker cosine similarity but stronger

nearest neighbour similarity compared to the pre-trained MBART50 model. Our

visualisation and these results support that fine-tuning modifies the global structure of the

latent space with potentially detrimental effects on representation similarity. DRAKON

reports the strongest cosine similarity and Top-k similarity for all k = {1,5,10} across

few-shot methods. DRAKON is also competitive to ZEUS in most metrics, but is

not strictly improving compared to our best zero-shot method. This is similar to the

variation in performance observed in Table 5.3. Notably, DRAKON reports a higher

cosine similarity than the ‘MULTILINGUAL Gold’ upper bound. We suggest that this

reflects the benefit of promoting cross-lingual similarity during training, similar to the

findings of Chapter 4. These findings support that DRAKON legitimately learns some

manifold structure during training and this regularised manifold improves cross-lingual

representation alignment within the model.

5.3.5 Error Analysis

We examine the improvement from DRAKON, studying where our method improves

over few-shot and translation baselines as an error analysis. Similar to previous chapters,
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EN Show me all flights from San Jose to Phoenix

FR Me montrer tous les vols de San Josè á Phoenix

× SELECT DISTINCT flight_1.flight_id FROM flight flight_1, airport_service airport_service_1,

city city_1, airport_service airport_service_2, city city_2 WHERE flight_1.from_airport =

airport_service_1.airport_code AND airport_service_1.city_code = city_1.city_code AND

city_1.city_name = ’SAN FRANCISCO’ AND flight_1.to_airport =

airport_service_2.airport_code AND airport_service_2.city_code = city_2.city_code AND

city_2.city_name = ’PHILADELPHIA’ ;

✓ SELECT DISTINCT flight_1.flight_id FROM flight flight_1, airport_service airport_service_1,

city city_1, airport_service airport_service_2, city city_2 WHERE flight_1.from_airport =

airport_service_1.airport_code AND airport_service_1.city_code = city_1.city_code AND

city_1.city_name = ’SAN JOSE’ AND flight_1.to_airport = airport_service_2.airport_code AND

airport_service_2.city_code = city_2.city_code AND city_2.city_name = ’PHOENIX’ ;

Figure 5.6: Contrast between SQL from a French input from MultiATIS++SQL for Train-

EN∪All and DRAKON. The entities “San José” and “Phoenix” are not observed in the 1%

sample of French data but are mentioned in the English support data. The Train-EN∪All

approach fails to connect attributes seen in English when generating SQL from French

inputs (×). Training with DRAKON better leverages support data to generate accurate

SQL from other languages (✓).
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we sample 50 MultiATIS++SQL test examples where DRAKON correctly predicted the

outputs but the baselines failed. Similar to Figure 5.4, we consider the results of models

using 1% sampling as the worst-case performance.

Entity Resolution Accurate semantic parsing requires sophisticated entity handling

to translate mentioned proper nouns from utterance to logical form. In our few-shot

sampling scenario, most entities will appear in the English support data (e.g., “Denver”

or “American Airlines”), and some will be mentioned within the target language sample

(e.g. “Mineápolis” or “Nueva York” in Spanish). These samples are unlikely to include

all possible entities from random sampling. Effective cross-lingual learning must “con-

nect” these entities from support to the target task, such that these names can be parsed

when predicting SQL from the target language. As shown in Figure 5.6, the failure

to recognize entities from support data, for inference on target languages, is a critical

failing of all models besides DRAKON. The improvement in cross-lingual similarity

using DRAKON expresses a specific improvement in entity recognition. Compared to

the worst performing model, Train-EN∪All, 56% of improvement accounts for handling

entities absent from the 1% sample but present in the 99% English support data. While

DRAKON can generate accurate SQL, other models are limited in expressivity to fall

back on using seen entities from the 1% sample. This notably accounts for 60% of im-

provement in parsing Chinese, with minimal orthographic overlap to English, indicating

that DRAKON better leverages support data without reliance on token similarity. In 48%

of improved parses, entity mishandling is the sole error — highlighting how limiting

poor entity interpretation is for our task.

Modifier Phrases Our model also improves handling of novel modifiers (e.g. “on a

weekday”, “round-trip”) absent from target language samples. Modifiers are often real-

ized as additional sub-queries and filtering logic in SQL outputs. Comparing DRAKON

to Train-EN∪All, 34% of improvement is related to modifier handling. Less capable

systems fall back on modifiers observed from the target language sample or ignore them

entirely to generate inaccurate SQL. While DRAKON better links parsing knowledge

from English to target languages— the overall task is not solved. Outstanding errors in

all languages primarily relate to query complexity. Future improvement can address

parsing complex natural language expressions from multiple languages (often in some

language-specific vernacular) into accurate SQL.
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5.4 Related Work

Meta-learning in NLP has become a prominent toolkit for generalisation to new tasks

and domains using fewer examples (Wang et al., 2021b; Lee et al., 2021; Hedderich

et al., 2021; Zhao et al., 2021). The formulation of “learning to learn” iteratively

improves both the relevant task(s) and the speed at which these tasks are mastered.

The Model-Agnostic Meta-learning (Finn et al., 2017, MAML) methodology has been

widely studied as a form of meta-learning only modifying the training process for any

model. MAML optimises a model to rapidly learn multiple known tasks to efficiently

learn an unseen task at test time with minimal examples.

Gu et al. (2018) propose an early demonstration of MAML within NLP for trans-

lation of languages with scarce labelled data. Gu et al. (2018) train a neural machine

translation model on high-resource language bitext using MAML. A model trained

using MAML can rapidly learn translation into a low-resource language or language

pairs with little parallel data. Similarly, Nooralahzadeh et al. (2020) propose X-MAML

as a learning framework for cross-lingual meta-learning. X-MAML defines a two-stage

optimisation episode sampling high- and low-resource languages to iterate meta-train

and meta-test steps. X-MAML is similar to DRAKON, but our method differs in the

usage of Reptile to efficiently estimate the meta-train gradient using multiple batches of

the high-resource language (i.e., support task).

Model-based meta-learning has also been proposed for cross-lingual transfer. This

differs from MAML in learning additional parameters for the “learning to learn”

goal. Xia et al. (2021) propose a ‘representation transformation network’ to transform

the contextual embedding output of XLM-Roberta (Conneau et al., 2020) from low-

resource languages into the embedding space for a high-resource language for sequence

labelling and classification tasks. This allows the low-resource language to benefit

from the pre-existing informative representation structures learned from languages with

more data (Singh et al., 2019b). For similar tasks, Xu et al. (2021) propose another

model-based method meta-learning layer-wise learning rates to selectively freeze model

components. Layers are frozen dependent on activation magnitudes to determine which

layers are the most or least useful during simulated zero-shot cross-lingual transfer.

Within semantic parsing, MAML-type learning has demonstrated accurate pars-

ing on unseen domains and datasets. Huang et al. (2018) hypothesise that the data

distributions for each MAML step should be similar to improve generalisation. They

propose to construct meta-train and meta-test steps for MAML by sampling a meta-
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test step and using a ‘relevance function’ to construct a meta-train batch of similar

queries. This benefits generalisation to unseen tables in WikiSQL (Zhong et al., 2017).

Conklin et al. (2021) propose an alternative strategy: sampling easy and hard batches

for the meta-train and meta-test MAML steps respectively. Explicitly constructing a

more challenging distribution shift demonstrates broad improvement in compositional

generalisation benchmarks. As previously discussed, Wang et al. (2021a) propose

Domain-Generalisation MAML (DG-MAML) and Domain-Generalisation First-Order

MAML (DG-FMAML) for adaptation to unseen SQL tables in the Spider dataset (Yu

et al., 2018b). DG-MAML applies the same principles as Conklin et al. (2021) using

different databases to simulate a distribution shift and ultimately improve generalisation

to an unseen SQL table during inference. Chen et al. (2020) highlight the benefit of

training with Reptile for task-oriented semantic parsing. Chen et al. (2020) identify

that training on high-resource domains using Reptile improves the sample efficiency

of the final fine-tuning stage for adaptation to low-resource domains. This is approxi-

mately equivalent to the ‘Reptile-EN→FT-All’ comparison discussed in Section 5.2.2.

However, our results show that integrating training on high-resource languages with

adaptation to target languages improves task performance and eliminates a secondary

training phase. DRAKON, originally presented in Sherborne and Lapata (2023), is the

only method to integrate Reptile-based meta-train steps with out-of-distribution (i.e.,

cross-lingual) meta-test steps for a multilingual model without further fine-tuning.

Since the original publication of this work, follow up research has furthered

investigation into very low-resource cross-lingual transfer. (Agrawal et al., 2023) use

language language models for question answering with only five examples in target

languages. Wu et al. (2023) also investigate how improving your meta-training tasks

can better optimise cross-lingual transfer with fewer examples during cross-lingual

meta learning.

5.5 Summary

In this chapter, we shift focus to a few-shot cross-lingual semantic parsing framework to

eliminate the data quality issues observed in prior chapters. We evaluate meta-learning

for sample-efficient and model-agnostic few-shot cross-lingual transfer. We propose

DRAKON to address a hypothesis that the approximate solution manifold outcome

from meta-learning can be regularised for cross-lingual transfer using periodic training

steps on target languages as regularisation. By deriving the underlying gradients from
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training with DRAKON, we find that our method optimises the product of both intra-

and inter-language gradients between batches.

Empirical evidence over MultiATIS++SQL and MTOP identifies that the few-shot

paradigm is more sample-efficient and accurate than our previously proposed techniques

and all baselines. Ablations and analysis identify an optimal trade-off between training

episode length (i.e., meta-test step frequency) for overall learning and cross-lingual

regularisation outcomes. We also observe that data sampling and episode length are

largely decoupled for improved sample efficiency using fewer target language examples.

Revisiting the analysis of the latent space also identifies that DRAKON develops repre-

sentations which follow a semantically distributed latent structure. Quantitative analysis

further supports that the cross-lingual latent similarity improves beyond prior methods.

While DRAKON demonstrates the smallest cross-lingual transfer gap seen yet in this

thesis; there may exist alternative methods which can better exploit the lowest sampling

ratios where DRAKON was weakest. In the next chapter, we revisit the motivation of

representation alignment to propose an alternative few-shot strategy with improved data

efficiency at the lowest sampling rates.





Chapter 6

Optimal Transport for Cross-lingual

Posterior Alignment

In previous chapters, we proposed methods for developing a parser using machine

translation (Chapter 3), auxiliary tasks (Chapter 4), and meta-learning (Chapter 5). At

present, our findings identify the value of gold-standard target language data for accurate

and generalisable cross-lingual semantic parsing. Chapter 5 suggests that few-shot

methods are superior to other approaches, in addition to the utility of meta-learning for

cross-lingual adaptation. Sampling the target language distribution directly mitigates the

challenges of fluency from Chapter 3 and domain relevance from Chapter 4. Contingent

on economical annotation costs, we assume a few-shot sampling from the true data

distribution is the best strategy for our engineer’s case study. In this chapter, we now

propose an improved few-shot cross-lingual transfer method surpassing DRAKON in

both efficiency and accuracy.

A critical component of our prior motivation and analyses is the notion of cross-

lingual representation alignment. Section 2.4.2 details our intuition where if a multilin-

gual encoder can map different inputs to the same latent representation, a decoder can

deterministically map this latent representation to the same logical form. In Chapter 4,

this informs our objective of encouraging latent representation similarity using auxil-

iary tasks. In Chapter 5, we observe improved representation similarity by improving

cross-lingual gradient similarity via meta-learning. A caveat of prior chapters is that

cross-lingual representation alignment is encouraged but not strictly enforced. Auxil-

iary tasks and cross-lingual meta-learning encourage cross-lingual gradient alignment

implicitly within respective methods. Cross-lingual representation alignment is realisti-

cally a side-effect of our techniques, not the intended objective. Furthermore, we have

141
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not validated the causality of this relationship by studying the alignment as a secondary

outcome after task improvement.

Prior chapters were implicit in targeting this alignment, and in this chapter, we

propose to make this goal explicit. This chapter considers the hypothesis that explicit
cross-lingual representation alignment improves the transfer of task knowledge
to target languages. We consider directly manipulating representation alignment as

the optimisation objective for cross-lingual transfer. We introduce a method for explicit

latent representation alignment titled MINOTAUR: Minimising Optimal Transport dis-

tance for Alignment Under Representations. MINOTAUR introduces a latent variable

within an encoder-decoder model defining the latent space as a probability distribution.

Interpreting the latent space as probabilistic enables measurement of representation

similarity as a closed-form divergence between distributions. MINOTAUR optimises

cross-lingual representation alignment by penalising this divergence measured between

languages. As the latent representations are complex distributions, MINOTAUR intro-

duces an alignment objective with both coarse- and fine-grained divergence penalties to

optimise global and local alignment. We define the model and latent alignment objective

using Optimal Transport (Monge, 1781; Villani, 2008) in Section 6.1. We define our

experiments and comparisons in Section 6.2. Similar to Chapter 5, we follow a few-

shot transfer strategy but define an alternative episodic training loop in Section 6.2.2

using parallel data. Our results in Section 6.3 demonstrate that MINOTAUR is more

sample-efficient than DRAKON, producing more accurate target language parsing with

fewer target language examples. A deeper investigation analyses the contribution of

each component of MINOTAUR and identifies where parallel data is necessary, and

unnecessary, for cross-lingual transfer. Finally, we examine the latent representations

from MINOTAUR targeting explicit alignment, rather than methods encouraging an

alignment side-effect.

6.1 Problem Formulation

6.1.1 Revisiting Alignment for Cross-lingual Transfer

Before we introduce the contributions of this chapter, we revisit the framework of

representation alignment from Section 2.4.2. We outlined the desirable property of

representation alignment in Equations (2.23) to (2.25), where utterances in different

languages, xEN and xl , are encoded to similar latent representations. Provided these
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encodings are sufficiently similar, we expect that the encoding of any language will

predict the same semantically equivalent logical form.

xEN ̸= xl Equivalent semantics in languages English and l (2.23)

Qφ (xEN)≈ Qφ (xl) Approximately similar latent encodings (2.24)

ŷEN = ŷl Parse to predict the same logical form (2.25)

Chapter 4 proposes to encourage this alignment using auxiliary tasks with multilin-

gual data. We observe improved representation similarity using this method. However,

we argue that this strategy to encourage alignment (i.e., Equation (2.24)) does not

directly optimise for this effect. Analysing Equation (2.24), the notion of approximately

similar encodings is not precisely defined. Chapter 4 observes improved representation

alignment without an adequate similarity criterion. We define the maximum tolerable

similarity as η, the maximum permissible error between encodings producing the same

predicted y. Given η, the similarity condition can be expressed as Equation (6.1) where

we expect η to be some small number (e.g., η = 10−8).

|Qφ (xEN)−Qφ (xl) |< η i.e., Qφ (xl) is < η close to Qφ (xEN) (6.1)

While definable, this expression of representation alignment is heuristic. A scalar η

is inflexible to how different languages have varying similarities and does not provide a

useful basis to learn the desirable alignment. Optimising this form of objective (i.e., min-

imising η) has been approached using contrastive learning for adequate representations

(Wu and Dredze, 2020). Methods of this constrative form are discussed in Section 6.4.

Recently, Wieting et al. (2023) raised that contrastive learning can be avoided using a

variational model as we propose here.

We instead propose to introduce some notion of structure to the latent representa-

tion space to (i) define representation similarity as a divergence between probability

distributions, and (ii) compute representation similarity in closed-form expressions.

Our method directly optimises this latent similarity to improve cross-lingual semantic

parsing. Alignment in the input (at x) requires fine-grained labels of how tokens map

between languages (i.e., word alignment). Alignment in the output (at y) may not prove

sufficient to encourage cross-lingual transfer. This is evidenced by our methods for

alignment using multi-task learning in Chapter 4, and meta-learning in Chapter 5. In

either case, optimising similarity between outputs (i.e., losses or gradients at y) did not
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arbitrary high-dimensional space, the augmented encoder predicts a probability distri-

bution to sample the latent variable. For input sequence x = {x1, . . . , xT} and latent

dimensionality d, the encoder produces a conditional distribution of latent encodings,

z = {z1, . . . , zT}, parameterised as a sequence of T mean states µ ∈RT×d , and variance

matrix Σ ∈ Rd×d shared for all states. Σ is a diagonal matrix embedding variance

σ2 ∈ Rd output from the encoder. Σ does not contain any co-variance terms. The

encoder, Qφ, outputs µ,Σ. Z is then sampled from the normal distribution parameterised

by µ and Σ as Equation (6.2). The encoder approximates the posterior distribution

Qφ (Z|X) for latent variable Z conditioned on observed input X . We use the Gaussian

reparameterisation trick (Kingma and Welling, 2014) to sample Z using random variable

ε as Equation (6.3) where ⊙ is the elementwise Hadamard product. This technique

allows differentiation through the random node z by sampling a random ε where the

gradient is inconsequential.

z = Qφ (x)∼N (µ, Σ) (6.2)

z = µ+Σ⊙ ε, ε∼N (0, I) (6.3)

Finally, an output sequence ŷ is predicted by the decoder through autoregressive

generation conditioned on z. The decoder is unchanged compared to the model in

Section 2.2.1. Figure 6.2 describes our augmented encoder-decoder. Within the original

alignment objective in Equation (6.1), the exemplar latent encoding from English,

Qφ (xEN), is now sampled from distribution N (µEN, ΣEN), with associated density

and divergence in probability space. Rather than ensuring we are η similar to this

encoding, the alignment can be expressed as a similarity between probability densities.

We formally define this expression in Section 6.1.4.

Our model diverges from the standard variational auto-encoder framework by lack-

ing any pooling. A typical variational model compresses information into a single

vector bottleneck, z ∈ R1×d . This produces informative representations useful for un-

conditional generation (i.e., generating an output by sampling the latent space with

no input). However, our setup requires only conditional generation from an input

(i.e., X → Y ). Practically, we observed in early experiments that pooling for a single

vector z over T time steps weakens overall performance due to information loss from

aggregating representations. We therefore omit pooling in our model to predict latent

sample z ∈ RT×d with the same dimensionality as the original encoder output.
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dimensionality d (practically d = 1024) such that the number of heads is arbitrary given

the product of the number of heads and head dimension is d (# heads × dhead = d).

Therefore, we omit the head indexing notation in Equations (6.4) to (6.6). Finally, the

variance matrix for Z is σ2 embedded in a diagonal matrix as Equation (6.7).

Σ =


σ2

1
. . .

σ2
d

 (6.7)

The additional network Qσ modifies the encoder to predict both parameters required

to sample from a Gaussian distribution for Z. We predict a mean, µ, for the distribution

at each time step in T , but predict one Σ for the sequence of encodings. Practically,

we observed no benefit to predicting a unique variance for each time step. As further

discussed in Section 6.1.4, using a single Σ for each encoded sequence also simplifies

computation for representation alignment.

6.1.3 Kantorovich Transportation Problem

The alignment objective, first discussed in Section 2.4.2, can now consider alignment

within the latent variable domain, replacing the unbounded representation space be-

tween encoder and decoder. Whereas the non-parametric similarity in Equation (6.1) is

difficult to optimise, the difference between parametric states is a stable, well-defined

measurement. Our intuition is that introducing latent structure allows explicit repre-

sentation alignment between languages. We can directly optimise a model to imitate

the latent representation of English for each target language without auxiliary losses

(Chapter 4) or gradient alignment (Chapter 5). Given the semantic parser defined above,

we now define a framework for this objective using Optimal Transport.

Given the parser definition, we now define how we use the latent variable Z, for

cross-lingual transfer via Optimal Transport. Our parser derives from the Wasserstein

Auto-Encoder (WAE) from Tolstikhin et al. (2018) as an alternative form of the vari-

ational model. The objective function of a WAE is to minimise the transportation

cost moving probability from one distribution to another. This can be described using

the Kantorovich form (Kantorovich, 1958) of the Optimal Transport problem (Monge,

1781) in Equation (6.8). Given two distributions PX ,PY , the objective is to find a trans-

portation plan, Γ(X , Y ), within the set of all joint distributions, P(X ∼ PX , Y ∼ PY ),

to map probability mass from PX to PY with minimal cost. Within Equation (6.8), Tc ex-
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presses the problem of finding a plan which minimises transportation cost measured by

cost function c(X , Y ) : X ×Y → R+:

Tc (PX ,PY ) := inf
Γ∈(X∼PX , Y∼PY )

E(X ,Y )∼Γ [c(X , Y )] (6.8)

The WAE is proposed as an auto-encoder where the output reconstructs the input

(i.e., PY approximates PX ), however, in our setting PX is the natural language input

distribution and PY is the logical form output distribution. X and Y are realisations of

the same underlying semantics.

As output Y is conditioned on only Z, inputs and outputs are conditionally inde-

pendent given the latent variable, y⊥⊥ x | z. This allows a factorised reformulation of

the transportation plan using Bayes rule i.e., Γ(X , Y )→ Γ(Y |X)PX . We now consider

a non-deterministic mapping from X to Y under observed PX . Tolstikhin et al. (2018,

Theorem 1) identifies how to factor this mapping through latent variable Z, leads to

Equation (6.9). Equation (6.9) expresses the transportation cost, c, from X to Y through

sampled approximate posterior Q(Z|X), from domain of possible posteriors, Q , and

observed distribution PX . Tolstikhin et al. (2018, Theorem 1) identify that solving

the original form of Equation (6.8) requires marginal posterior, Q(Z), to match the

prior distribution P(Z) exactly. We follow prior work in setting P(Z)∼N (0, I). This

constraint is relaxed by introducing a non-negative regularisation penalty on Q(Z) in

Equation (6.9) as D(Q(Z),P(Z)). We discuss similarities of this regularisation to the

variational ELBo below.

Tc (PX ,PY ) = inf
Q(Z|X)∈Q

EPXEQφ(Z|X) [c(Y,G(Z))]+αD(Q(Z),P(Z)) (6.9)

Equation (6.9) is now a minimisable objective: identify the probabilistic encoder,

Qψ (Z|X), and decoder Gψ (Z) which minimises cost function c; subject to regularisation

on the divergence D between the marginal posterior Q(Z) and prior P(Z). In our setting,

the cost function c is the cross-entropy loss between gold outputs Y and predicted

outputs.

Optimising a variational model typically requires optimising the evidence-lower

bound (ELBo) which minimises the divergence between observed conditional posterior,

Q(Z|X), and prior distribution P(Z). While formally robust and appropriate, this objec-

tive can practically drive Q(Z|X) to zero assuming the prior is an isotropic Gaussian

distribution. This undesirable problem is referred to as posterior collapse where Z is no
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longer semantically informative. The WAE instead regularises the marginal distribution,

Q(Z) = EX∼PX [Q(Z|X)], against the prior distribution. Marginal regularisation allows

individual conditional posterior samples to remain non-zero i.e., informative. This

avoids posterior collapse to ensure that our latent features in Z are accurately describing

X .

For the divergence between marginal posterior and prior distribution, we follow Tol-

stikhin et al. (2018) and Wang and Wang (2019) in using Maximum Mean Discrepancy

(Gretton et al., 2012, MMD). MMD provides an unbiased estimate of D(Q(Z),P(Z))

using the batch of approximate posterior samples Q(Z|X) and randomly sampled P(Z).

Equation (6.10) defines MMD using some kernel k : Z×Z → R , defined over a

reproducible kernel Hilbert space, Hk:

MMDk (P, Q) = ∥
∫

Z
k (z, ·)dP−

∫
Z

k (z, ·)dQ∥Hk
(6.10)

Informally, MMD minimise the distance between the “means” of the features P and

Q estimated over n samples projected through kernel k. We set n to the batch size in our

experiments. Equation (6.11) defines the MMD estimate over observed p and q using

the heavy-tailed inverse multiquadratic (IMQ) kernel k:

MMDk (p,q) =
1

np (np−1) ∑
z′ ̸=z

k(pz, pz′)
1

nq
(
nq−1

) ∑
z′ ̸=z

k(qz, qz′)−
2

npnq
∑
z, z′

k(pz, qz′)

(6.11)

We define the IMQ kernel in Equation (6.12) below where C = d
5 for dimensionality

d and S is defined in Equation (6.13).

k (p,q) = ∑
s∈S

s ·C
s ·C+∥p−q∥2

2
(6.12)

S = [0.1,0.2,0.5,1,2,5,10] (6.13)

The objective in Equation (6.9) defines the Optimal Transport problem for trans-

forming probability mass from the input distribution (i.e., natural language) to the

output distribution (i.e., logical forms). We use this framework with the model, defined

in Section 6.1.2, and the WAE optimisation defined above to learn the optimal trans-

portation plan in predicting accurate logical forms from natural language inputs. We

now describe how to exploit this to transfer an optimal transportation plan to target

languages.
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and the sampled prior distribution. MINOTAUR proposes to additionally penalise the

divergence between approximate posteriors from different languages. We describe

our explicit goal as posterior alignment, differing from Chapter 4 as alignment is now

the direct optimisation objective function. Figure 6.3 outlines one training step of

MINOTAUR using parallel input batches. A single step computes the typical cross-

entropy loss, with additional loss explicitly optimising for similarity between sampled

latent variables. This optimises the transportation plan for language l to match the plan

for English, Γ∗l = Γ∗EN, transferring the learned capabilities from high-resource English

with only a few training examples.

Given parallel inputs xEN and xl in English and language l, with equivalent LF

(yEN = yl), their latent encodings are given by Equation (6.14) and Equation (6.15)

respectively.

µEN,ΣEN = Qφ (xEN) ,zEN ∼N (µEN,ΣEN) (6.14)

µl,Σl = Qφ (xl) ,zl ∼N (µl,Σl) (6.15)

As mentioned in Section 6.1.2, the posterior samples (zEN,zl ∈ RT×d) are complex

structures. Our interpretation of complexity is that each z sample will encode relevant

information about the inputs adhering to some local and global structure. We make no

further assumptions about the information structure beyond the Gaussian reparameteri-

sation. This complexity contrasts to a simple structure such as the isotropic Gaussian

prior distribution. To accurately estimate divergence between complex posteriors, we

follow Mathieu et al. (2019) in using a decomposed alignment signal minimising both

marginal posterior divergence and conditional posterior divergence. We interpret this

as coarse-grained and fine-grained divergence respectively. Our intuition is that fine-

grained divergence encourages similarity at a token level, optimising for similarity

between conditional posterior samples. In contrast, we intuit that coarse-grained diver-

gence optimises for similarity at a language level. Estimating the marginal Q(Z), from

batches of tokens in each language, will estimate the language-level distribution over

Z. Therefore, we expect that penalising this marginal divergence optimises for more

global similarity. For approximate posterior samples from Equations (6.14) to (6.15),

we can express the MINOTAUR alignment objective as Equation (6.16).

DMINOTAUR (zEN,zl) =

αPDZ
(
Qφ (zEN) ,Qφ (zl)

)
+βPDZ|X

(
Qφ (zEN|xEN)∥Qφ (zl|xl)

)
(6.16)
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Within Equation (6.16), DZ is a divergence penalty between marginal distributions to

align global structure, and DZ|X is the divergence penalty between conditional posteriors

to align local structure, and. Each divergence uses some scalar weighting, similar to

Equation (6.9), as (αP,βP) respectively.

Similar to the prior alignment, we use the MMD distance to align marginal posteriors

using Equation (6.10) (i.e., marginal posteriors over Z between languages). For the two

sampled batches in Figure 6.3, MMD estimates a single marginal distribution, Q(Z),

for each language using all sampled z states from each utterance in a batch. MMD is

estimated between two Q(Z) to return a single distance as a differentiable objective.

We require a sufficiently large batch size to ensure accurate estimation of the marginal

distribution: we observed our batch size of 16 as sufficient in our experiments.

For conditional posterior alignment, we consider closed-form solutions to estimate

divergence. This exact expression is a core benefit of the Gaussian reparameterisation

expressing the latent Z as a parametric statistic. This approach is easy to compute,

numerically stable and an accurate estimator of divergence between high-dimensional

Gaussians (Takatsu, 2011). We primarily use the L2 Wasserstein distance, W2, as the

Optimal Transport-derived minimum transportation cost between Gaussian distributions.

Equation (6.17) expresses the L2 Wasserstein distance between parametric distributions

p and q where each mean is µ, covariance is Σ = Diag{σ2
i , . . . ,σ

2
n}, encodings have

dimensionality d and Tr{} is the matrix trace function. Practically, this distance is

similar to Euclidean (L2 norm) distance between distribution means with an additional

penalty to match covariances.

W2 (p,q) = ∥µp−µq∥2
2 +Tr{Σp +Σq−2

(
Σ

1
2
p ΣqΣ

1
2
p

) 1
2

} (6.17)

We also consider the Kullback-Leibler Divergence (KL) between two Gaussian

distributions as Equation (6.18). Minimising KL is equivalent to maximising the mutual

information between distributions as an information-theoretic goal of semantically

aligning the encoded information in posteriors. While not a well-defined distance, KL

is a common divergence used in variational modelling serving as a practical baseline.

Section 6.3 demonstrates that W2 is superior to KL in all cases.

KL(p∥q) = 1
2

(
log

( |Σq|
|Σp|

)
− dp,q +Tr{Σ−1

q Σp}+(µq−µp)
T

Σq (µq−µp)

)
(6.18)
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In Equations (6.16) to (6.18), we express DZ|X between singular p and q distribu-

tions (i.e., between individual tokens) for notation clarity. However, the approximate

posterior z contains T samples for each input utterance of length T . To align conditional

posteriors, we minimise the mean of all pairwise conditional posterior divergence. For

zEN and zl , the final conditional posterior divergence is expressed as Equation (6.19).

Minimising this mean divergence makes no assumptions about which tokens from each

input should be made more or less similar. We also observed no empirical benefit in

minimising only divergences between encodings from word-aligned parallel tokens.

DZ|X
(
Qφ (zEN|xEN)∥Qφ (zl|xl)

)
=

1
TENTl

∑
i∈TEN, j∈Tl

DZ|X
(
zENi∥zl j

)
(6.19)

Given the full definition of the MINOTAUR alignment loss, we can now express the

Optimal Transport problem from Equation (6.9) in a familiar form as Equation (6.20).

Equation (6.20) expresses the transportation cost, Tc, for a single (x, y) pair during

training: the cross-entropy between predicted and gold y sampling an approximate

posterior Qφ (z|x), and WAE divergence penalty on the marginal posterior distribution.

ℓ(x,y) = EQ(z|x)

[
−∑

i
yi
(
logGψ (z)

)
i

]
+αD

(
Qφ(z),P(z)

)
(6.20)

To introduce posterior alignment, we augment Equation (6.20) with the MINOTAUR

loss from Equation (6.16), for Equation (6.21) using parallel examples (xEN,yEN) and

(xl,yl). Unlike DRAKON, MINOTAUR requires parallel data for conditional posterior

alignment. We investigate this requirement further in Section 6.3.

ℓΣ = ℓ(xEN,yEN)+ ℓ(xl,yl)+DMINOTAUR (zEN,zl) (6.21)

Similar to Chapter 5, we construct an episodic training loop for MINOTAUR where

we periodically augment the standard cross-entropy optimisation with MINOTAUR

posterior alignment. This algorithm is described as Algorithm 2, using MINOTAUR

loss every K steps for few-shot induction of cross-lingual alignment. If K is small then

MINOTAUR loss dominates learning to degrade overall performance. However, if K is

too large then MINOTAUR is insufficient to optimise posterior alignment. Optimally

setting K requires empirical validation. We find that using K = 10 to match Chapter 5

is sufficient in our experiments.



154 Chapter 6. Optimal Transport for Cross-lingual Posterior Alignment

Algorithm 2 MINOTAUR Training Algorithm
Require: Number of training episodes, T , and duration of training episode, K.

Require: Support data sample, SEN

Require: Target data samples, Sl , for each language l in target languages L = {l1, . . . , lL}.
Require: Learning rate, α

Require: Optimiser, U (θi,α,∇), updating θi according to step size α and gradient ∇.

1: Initialise θt=1, the vector of initial parameters

2: for t← 1 to T do

3: Sample K training batches {BS}K
k=1 from SEN.

4: Sample target language l from L languages.

5: Sample target batch BT from Sl .

6: Retrieve batch of examples B ′S from SEN parallel to BT .

7: for i← 1 to K do

8: Forward pass for BS: ℓ,{zEN}||B
′S||

i=1 from Equation (6.20).

9: θi+1←U (θi, α, ∇ℓ)

10: end for

11: Forward pass for B ′S: ℓS,{zEN}||B
′S||

i=1 from Equation (6.20).

12: Forward pass for BT : ℓT ,{zl}||B
T ||

i=1 from Equation (6.20).

13: MINOTAUR loss between approximate posteriors zEN and zl from Equation (6.16).

14: Total loss: ℓΣ = ℓS + ℓT +DMINOTAUR

(
{zEN}||B

′S||
i=1 ,{zl}||B

T ||
i=1

)
from Equation (6.21).

15: Update θt+1←U (θt , α, ∇ℓΣ)

16: end for

6.2 Experiments

6.2.1 Datasets and Few-shot Sampling

MultiATIS++SQL We use the MultiATIS++SQL dataset similar to Chapter 5. Sec-

tion 2.3.1 details a complete description of MultiATIS++SQL with input-output ex-

amples shown in Table 2.5. We use the MultiATIS++SQL multilingual test set for

evaluating cross-lingual transfer from English (EN) to French (FR), Portuguese (PT),

Spanish (ES), German (DE), and Chinese (ZH). MINOTAUR is evaluated as a few-shot

cross-lingual transfer problem randomly sampling small samples of data from target

languages: French, Portuguese, Spanish, German, and Chinese. We examine few-shot

sample ratios at 1%, 5%, and 10% of the existing English data. With a total training

sample of 4473 examples, these sampling rates correspond to 45, 224, and 447 examples

in each few-shot percentage respectively. We report the average of five runs to minimise
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variation from random sampling.

MTOP We also evaluate the MTOP dataset following the sampling method from

Chapter 5. Section 2.3.2 details a complete description of MTOP with input-output

examples shown in Table 2.6. We use the MTOP multilingual test set for evaluating

cross-lingual from English (EN) to French (FR), Spanish (ES), German (DE), Hindi

(HI), and Thai (TH). We evaluate a few-shot cross-lingual transfer problem sampling

data to five target languages: French, Spanish, German, Hindi, and Thai. Sampling

follows the same Samples-per-Intent-and-Slot (SPIS) strategy which ensures a minimum

coverage for each semantic category in logical forms across target languages. An SPIS

rate of 1, 5, 10 approximately equates to 284 (1.8%), 1,125 (7.2%), and 1,867 (11.9%)

examples for MTOP in each target language. Similar to MultiATIS++SQL, we report

the average of five runs.

6.2.2 Experimental Setting

We train the model defined in Section 6.1.2 using the training algorithm outlined in

Section 6.1.4. Our primary comparisons for few-shot cross-lingual transfer are the

baselines and DRAKON method from Chapter 5. For MTOP, we compare two methods

for “silver-standard” data generation: “Translate-and-Fill” (Nicosia et al., 2021, TaF)

which generates training data using MT, and CLASP (Rosenbaum et al., 2022) which

uses MT and prompting to generate multilingual training data. We previously compared

these techniques in Chapter 3, and now revisit these approaches as our techniques are

more competitive.

6.2.2.1 Setting and Comparison

MULTILINGUAL Gold A multilingual Transformer is trained on the union of all

professionally translated data. This is the same upper bound as in Chapter 5. We

compare to an unmodified Transformer model (SEQ2SEQ) and the latent-variable

model described in Section 6.1.2 (WAE) trained with all multilingual data. This method

is an upper bound to MINOTAUR.

EN ONLY A monolingual Transformer is trained on only English training data. This

model is evaluated on the target language test data with no translation. This is a

zero-shot baseline for Chapter 4.
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TRANSLATE TEST A monolingual Transformer is trained on source English data (SEN).

Machine translation translates test data from target languages into English to predict

logical forms from translated inputs. We use the OPUS translation system (Tiedemann

and Thottingal, 2020) similar to prior chapters. This is the lower bound for Chapter 3.

This method is an silver standard lower bound to MINOTAUR.

TRANSLATE TRAIN Machine translation translates English training data into each

target language as described in Chapter 3. A monolingual Transformer is trained on

translated training data and logical forms are predicted using this model. This is the

baseline method for Chapter 3. As above, we use OPUS translation (Tiedemann and

Thottingal, 2020) for this method. This method is an silver standard lower bound to

MINOTAUR.

FATES Our proposal for machine translation from Chapter 3 using multiple encoders

and multiple MT engines for cross-lingual semantic parsing without gold training data.

This method is a syntehtic data comparison from Chapter 4.

ZEUS Our zero-shot multi-task model from Chapter 4 using auxiliary data for cross-

lingual latent representation alignment. We note that already performs close to the

upper bound but few-shot sampling may be more data efficient than leveraging large

corpora for auxiliary tasks. This method is a zero-shot comparison from Chapter 4.

DRAKON Our few-shot meta-learning method from Chapter 5 which established more

accurate parsing at all sampling levels than all methods mentioned above. We compare

to DRAKON for both datasets at all sampling rates for a direct comparison between

methods. DRAKON and MINOTAUR are trained with identical data samples to contrast

if MINOTAUR can use the same data more efficiently for target language parsing. This

method is a few-shot comparison from Chapter 5.

6.2.2.2 Model Training

We generally inherit the same model setup as previous chapters to train the latent

variable model defined in Section 6.1.2. The encoder, Qφ, is similarly pre-trained using

the encoder parameters from the MBART50 pre-trained model (Tang et al., 2021).

This model has a single Transformer decoder, Gψ, trained from scratch. The new
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subnetwork for predicting variance, Qσ, is an additional multi-head attention layer with

dimensionality d = 1024 trained from scratch.

Similar to Chapter 5, experimental hyperparameters were tested at the few-shot

rate of 1% for MultiATIS++SQL and then applied to all experiments. We follow the

batch size of 16 and an episode length of K = 10 steps. The scalar hyperparameters

for MINOTAUR, (βP,αP), are set to (0.5,0.01) respectively. These were optimised via

linear search within the range [0.001,1]. We train for a maximum of 10 epochs with

early stopping as measured by validation loss.

6.3 Results

We train the MINOTAUR parser from Section 6.1 for comparison to the systems outlined

in Section 6.2.2. Our results contrast MINOTAUR to lower-bounds, upper-bounds and

related work in a similar structure to Chapter 5. We generally observe MINOTAUR

validates the hypothesis that explicit representation alignment improves cross-lingual

transfer. MINOTAUR is also more sample efficient than prior contributions and requires

less training. Our ablations identify that MINOTAUR is also capable without parallel

data and produces a more semantically distributed latent representation space.

6.3.1 Is a Few-shot Transfer Methodology Competitive?

Similar to Chapter 5, we compare MINOTAUR to lower-bound baselines using OPUS

machine translation and zero-shot transfer from English to target languages. The

upper-bound is ‘MULTILINGUAL Gold’ training on all target language data i.e., 100%

translation. We compare to ‘MULTILINGUAL Gold’ training either the unmodified

Transformer parser (SEQ2SEQ) or the latent variable parser (WAE).

Lower Bound Baselines We compare MINOTAUR to lower-bound methods in Ta-

ble 6.1. MINOTAUR @1% is significantly above both translation and zero-shot baselines.

The largest contribution to this gain is improvement in languages distant from English

which benefits more from additional target language data. Compared to zero-shot

transfer, MINOTAUR @1% improves by +31.5% for MultiATIS++SQL ZH, and +42%

or +36.3% for MTOP HI and TH respectively. Similar languages benefit less from

few-shot transfer as zero-shot performance is greater. The gain for FR is a lesser

+12.4% for MultiATIS++SQL or +29.9% for MTOP. MINOTAUR also performs above
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EN FR PT ES DE ZH TARGET AVG.

TRANSLATE TRAIN OPUS — 56.8 39.1 51.8 60.4 59.6 53.5

TRANSLATE TEST OPUS — 57.7 58.1 58.3 58.8 50.9 56.8

EN Only 77.2 61.3 42.5 46.5 50.2 38.5 47.8

MINOTAUR @1% 73.0±0.4 73.7±0.6 71.4±0.9 71.0±0.5 70.4±1.3 70.0±0.9 71.3±1.4

MINOTAUR @5% 77.0±1.0 73.9±1.4 72.8±1.1 71.1±0.6 72.8±2.0 72.3±0.6 72.6±1.0

MINOTAUR @10% 79.8±0.4 75.6±1.8 75.4±0.8 73.2±1.7 76.8±1.5 72.5±0.7 74.7±1.8

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

TRANSLATE TRAIN OPUS — 24.4 23.1 32.7 22.4 9.5 22.4

TRANSLATE TEST OPUS — 44.9 63.1 39.1 47.1 54.2 49.7

EN Only 72.4 42.0 43.9 46.8 23.1 12.8 33.7

MINOTAUR @1 SPIS 79.5±0.4 71.9±0.2 72.3±0.1 68.4±0.3 65.1±0.1 49.1±4.3 65.4±9.5

MINOTAUR @5 SPIS 77.7±0.6 72.0±0.6 73.6±0.3 69.1±0.5 68.2±0.5 52.1±3.4 67.0±8.6

MINOTAUR @10 SPIS 80.2±0.4 72.8±0.5 74.9±0.1 70.0±0.7 68.6±0.5 54.7±2.5 68.2±7.9

(b) MTOP

Table 6.1: Comparisons between MINOTAUR to lower-bounds for (a) MultiATIS++SQL

execution accuracy and (b) MTOP SCIEM accuracy. We compare MINOTAUR to machine-

translation baselines and the zero-shot transfer performance from training only on

English. MINOTAUR must surpass these lower-bound baselines to justify the few-shot

approach. For few-shot methods, we report the average over five different few-shot data

splits ± the standard deviation across runs. The significant best result is bolded.
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TRANSLATE TEST as the most competitive baseline by average +14.5% and +15.7%

for MultiATIS++SQL and MTOP respectively. Unlike for DRAKON, the standard devi-

ation for MINOTAUR @1% does not overlap with TRANSLATE TEST, further indicating

that this method is superior to baselines. We further analyse the improvement over

baselines as error analysis in Section 6.3.4.

Upper Bounds and Prior Methods MINOTAUR is compared to the upper bound and

adjacent methods in Table 6.2. Comparing between ‘MULTILINGUAL Gold’ methods,

the WAE approach is significantly −0.3% weaker for MultiATIS++SQL to SEQ2SEQ

but significantly surpasses the simpler SEQ2SEQ model for MTOP by +8.3%. We

interpret this as sanity check validation that the introduction of the latent variable

structure, as the only difference between SEQ2SEQ and WAE is not highly detrimental

to overall parsing accuracy.

We observe that posterior alignment within multilingual modelling allows a few-

shot model to improve on some upper-bound systems, exceeding expectations for a

data-scarce scenario. For MultiATIS++SQL, MINOTAUR performs significantly above

both ‘MULTILINGUAL Gold’ methods with > 5% sampling. Similarly for MTOP,

MINOTAUR significantly improves on ‘MULTILINGUAL Gold’ (SEQ2SEQ) with > 1

SPIS sampling. The ‘MULTILINGUAL Gold’ (WAE) method is a stronger upper bound

for MTOP which our results are not competitive against. This highlights a future

improvement in cross-lingual semantic parsing to reach parity between English and

target languages on this dataset.

MINOTAUR is competitive with some silver-standard methods using > 5× larger

models for MTOP. We compare to ‘Translate-and-Fill’ (Nicosia et al., 2021, TaF) and

CLASP (Rosenbaum et al., 2022) in Table 6.2(b). Both methods use data generation

from large pre-trained models to produce a training dataset for fine-tuning. We signifi-

cantly outperform CLASP by an average >3.0% at all sampling rates and TaF using

mT5-large (Xue et al., 2021) by > 1.6% at > 1% sampling. However, MINOTAUR

requires 10% sampling to significantly improve upon TaF using mT5-XL by +0.02%.

Our model has only ∼ 200 million parameters whereas CLASP uses the 500 million

parameter AlexaTM-500M (FitzGerald et al., 2022), mT5-large has 700 million param-

eters and mT5-XL has 3.3 billion parameters. Relative to model size, our approach

offers improved computational efficiency and faster training for comparable results.

Our efficacy using gold data and a smaller model, compared to silver-standard data in

larger models, suggests a quality trade-off constrained by computation as a potential
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EN FR PT ES DE ZH TARGET AVG.

MULTILINGUAL Gold (SEQ2SEQ) 74.9 74.2 73.0 70.4 74.6 73.7 73.2

MULTILINGUAL Gold (WAE) 73.7 74.4 72.3 71.7 74.6 71.4 72.9

FATES (best) 74.9 70.5 69.2 62.4 68.7 66.5 67.5

ZEUS (best) 74.4 72.3 69.7 68.5 69.0 69.2 69.7

DRAKON @1% 73.8±0.3 70.4±1.8 70.8±0.7 68.9±2.3 69.1±1.2 68.1±1.2 69.5±1.1

DRAKON @5% 74.4±1.3 73.0±0.9 71.6±1.1 71.6±0.7 71.1±0.6 69.5±0.5 71.4±1.3

DRAKON @10% 75.8±1.3 74.2±0.2 72.8±0.6 72.1±0.7 73.0±0.6 72.8±0.5 73.0±0.8

MINOTAUR @1% 73.0±0.4 73.7±0.6 71.4±0.9 71.0±0.5 70.4±1.3 70.0±0.9 71.3±1.4

MINOTAUR @5% 77.0±1.0 73.9±1.4 72.8±1.1 71.1±0.6 72.8±2.0 72.3±0.6 72.6±1.0

MINOTAUR @10% 79.8±0.4 75.6±1.8 75.4±0.8 73.2±1.7 76.8±1.5 72.5±0.7 74.7±1.8

(a) MultiATIS++SQL

EN FR ES DE HI TH TARGET AVG.

MULTILINGUAL Gold (SEQ2SEQ) 75.5 69.7 72.4 67.9 65.5 54.6 66.0

MULTILINGUAL Gold (WAE) 81.3 75.7 77.2 72.8 71.6 74.4 74.3

TaF mT5-large (Nicosia et al., 2021) 83.5 71.1 69.6 70.5 58.1 57.5 65.4

TaF mT5-XL (Nicosia et al., 2021) 85.9 74.0 71.5 72.4 61.9 60.2 68.0

CLASP (Rosenbaum et al., 2022) 84.4 72.6 68.1 66.7 58.1 — —

FATES (best) 69.7 44.7 45.7 49 32.9 13.4 37.1

ZEUS (best) 77.5 66.2 67.4 64.2 59.4 47.7 61.9

DRAKON @1 SPIS 71.8±2.0 59.0±1.7 61.1±1.1 59.4±1.6 56.1±1.4 43.9±2.3 55.9±6.9

DRAKON @5 SPIS 72.1±1.9 65.4±2.6 67.0±4.6 65.3±2.6 63.0±0.1 49.8±0.8 62.1±7.0

DRAKON @10 SPIS 72.5±0.4 65.6±0.5 67.5±0.8 65.8±0.6 63.8±1.1 50.6±1.1 62.7±6.9

MINOTAUR @1 SPIS 79.5±0.4 71.9±0.2 72.3±0.1 68.4±0.3 65.1±0.1 49.1±4.3 65.4±9.5

MINOTAUR @5 SPIS 77.7±0.6 72.0±0.6 73.6±0.3 69.1±0.5 68.2±0.5 52.1±3.4 67.0±8.6

MINOTAUR @10 SPIS 80.2±0.4 72.8±0.5 74.9±0.1 70.0±0.7 68.6±0.5 54.7±2.5 68.2±7.9

(b) MTOP

Table 6.2: Comparisons between MINOTAUR to upper-bound training and the best

methods from previous Chapters for (a) MultiATIS++SQL execution accuracy and (b)

MTOP SCIEM accuracy. We compare between (a) training on gold-standard translations

in all target languages (MULTILINGUAL Gold); (b) comparison methods using silver-

standard data for MTOP only; (c) FATES from Chapter 3; (d) ZEUS from Chapter 4; and

(e) DRAKON at equivalent sampling rates from Chapter 5. Few-shot methods report the

average over five different few-shot data splits ± the standard deviation across runs.
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future study.

Compared to our proposals from previous chapters, MINOTAUR is the most accurate

cross-lingual semantic parser proposed in this thesis. MINOTAUR is significantly

superior to both FATES and ZEUS at all sampling rates on MultiATIS++SQL and MTOP.

We do not observe the same trend as the previous chapter where DRAKON performed

marginally below ZEUS at low sampling rates. MINOTAUR can better exploit few-shot

samples to perform significantly above our optimised zero-shot model with increased

data efficiency and without large auxiliary task corpora.

Comparing average performance to DRAKON strategy, MINOTAUR is significantly

more accurate at every few-shot sampling rate for MultiATIS++SQL and MTOP. MINO-

TAUR improves on DRAKON with performance more similar to DRAKON at at a higher

sample rate. For example, MINOTAUR @1% is significantly improves on DRAKON

@1% sampling, and is insignificantly similar to DRAKON @5% sampling (p = 0.15)

for MultiATIS++SQL. MINOTAUR at the lowest sampling rate is actually significantly

superior to the DRAKON at the highest sampling rate for MTOP. By extension, MINO-

TAUR is also significantly improved above all comparison methods from Chapter 5.

These methods (‘Train-EN∪All’, ‘Train-EN→FT-All’, and ‘Reptile-EN→FT-All’) all

performed worse than DRAKON, and therefore are also poorer than MINOTAUR. We

also note that MINOTAUR requires < 10 epochs to train whereas DRAKON reports > 50

training epochs for weaker average accuracy. These comparisons demonstrate that

explicit alignment offers both more accurate parsing and improved efficiency from data

and training perspectives.

While we report that MINOTAUR is superior to DRAKON in target language average

accuracy, we identify that MINOTAUR benefits comparatively less from additional sam-

ples for distant languages. For MultiATIS++SQL, ZH is the only individual language

where DRAKON is superior to MINOTAUR at 10% sampling. Increasing the sampling

rate from 1% to 10% improves accuracy by +4.7% for DRAKON compared to +2.5%

for MINOTAUR. Similarly for MTOP, DRAKON improves by +7.7% with additional

samples for HI and TH. MINOTAUR demonstrates a lesser +5.6% and +3.5% for HI

and TH respectively. While MINOTAUR is generally an improved parser, we suggest that

this contrast in data efficiency for distant target languages is owed to how the explicit

alignment observes representations from distant language inputs. This distance between

samples is generally larger between distant languages and smaller for related languages.

Therefore, MINOTAUR may be weaker for languages with larger initial divergences

to optimise. DRAKON can ignore this effect by promoting similarity at the gradient
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DZ|X DZ EN FR ES DE HI TH TARGET AVG.

KL — 78.3±0.9 70.6±0.4 73.1±1.0 67±0.2 66.6±4.6 48.0±1.8 65.1±9.9

W2 — 78.6±1.0 72.1±0.4 74.3±1.4 68.7±1.1 67.4±4.4 53.2±1.9 67.1±8.3

— MMD 78.7±0.9 72.3±0.5 74.3±0.4 68.8±0.7 67.5±0.9 53.3±1.6 67.2±8.2

KL MMD 78.4±1.8 71.8±5.0 73.3±2.2 68.5±6.5 67.3±3.1 54.0±4.3 67.0±7.7

W2 MMD 80.2±0.4 72.8±0.5 74.9±0.1 70.0±0.7 68.6±0.5 54.7±2.5 68.2±7.9

Table 6.3: MTOP SCIEM Accuracy sampling 10 SPIS ablating alignment methods

between conditional-only (DZ|X ), marginal-only (DZ) and joint alignment (DZ|X +DZ).

We contrast beween Kullback-Leibler Diverence (KL), L2-Wasserstein distance (W2), and

Maximum Mean Discrepancy (MMD). The joint method using L2-Wasserstein distance

is empirically optimal and significantly above all other methods.

level regardless of the input language. We observe this effect in Figure 6.4, where

MINOTAUR struggles to align ZH comparably to more similar languages.

6.3.2 How does MINOTAUR Enable Cross-lingual Transfer?

We report ablations of MINOTAUR on MTOP at 10 SPIS sampling for a case study in

how each component of the system influences performance. We generally observe the

effect of each ablation extends to additional sampling rates across both datasets.

Which Alignment Feature is Important for MINOTAUR? Table 6.3 considers each

function for cross-lingual alignment outlined in Section 6.1.4 as an individual or com-

posite alignment loss. The best approach, used in all other reported results, minimises

the L2 Wasserstein distance (W2) for conditional posterior divergence and MMD for

marginal posterior divergence. The closest competing method is ‘DZ only’ to align

only marginal posteriors without any control on conditional posteriors. For conditional

posteriors, W2 is significantly superior to the Kullback-Leibler Divergence (KL) for con-

ditional and joint cases. The W2 distance directly minimises the Euclidean L2 distance

when variances of different languages are equivalent. This, in turn, is more similar to the

Maximum Mean Discrepancy function (the best singular objective) which minimises the

distance between the approximate means of each marginal distribution. We observe that

minimising marginal posterior divergence with MMD is preferable to combining MMD

with KL, which underperforms across our all experiments. The W2 + MMD approach

significantly outperforms all other combinations. The performance of MMD, com-
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Alignment Measurement EN FR ES DE HI TH TARGET AVG.

MMD 77.5±1.6 69.6±3.8 70.7±4.8 66.3±4.1 61.7±7.3 53.2±6.6 64.3±7.1

KL 77.9±1.4 69.8±3.7 70.9±4.5 66.5±3.7 62.1±7.0 52.1±5.9 64.3±7.6

W2 77.1±1.4 69.2±4.0 70.3±4.7 65.8±3.8 61.7±6.8 52.5±6.9 63.3±7.2

Table 6.4: MTOP SCIEM Accuracy sampling 10 SPIS using non-parametric alignment

without Z. Here the encoder output, Eφ (X) is directly input into decoder Gψ

(
Eφ (X)

)
.

We contrast beween Kullback-Leibler Diverence (KL), L2-Wasserstein distance (W2), and

Maximum Mean Discrepancy (MMD). All approaches significantly underperform relative

to Table 6.3.

pared to methods for computing DZ|X , highlights that minimising divergence between

marginal posteriors is the primary contributor for alignment. Minimising divergence

between conditional posteriors is a weaker additional contribution. A potential factor

for this contrast may be that conditional posterior divergence is more challenging to

accurately estimate and optimise. Whereas marginal posterior divergence benefits from

estimation using a batch of samples, the conditional posterior alignment appears more

sensitive to the measurement of distance. As mentioned in Section 6.1.4, we did not

observe a benefit in modifying the computation of conditional posterior divergence

beyond an average between all pairwise divergences across parallel inputs. Future

investigation is needed to improve estimating and minimising conditional posterior

divergence for cross-lingual transfer.

Can MINOTAUR Function Without Latent Variables? We additionally examine if

the alignment technique of MINOTAUR is effective for an unmodified Transformer

encoder-decoder without latent variable feature. We report a variant of MINOTAUR

using three divergence metrics between unbound encoder states in a similar training

routine as our main results. The key model difference is the output of the encoder is not

parametrically described as a probability distribution.

In Table 6.4, we contrast between MMD, KL divergence (i.e., ∑x p(x) log
(

p(x)
q(x)

)
)

and Euclidean L2 distance as tractable metrics between encoder outputs. We observed

that cosine distance, a reasonable additional comparison, was insufficiently stable

during training due to numerical underflow errors. We omit this distance from Table 6.4.

Regardless of distance, we broadly observe that any technique is significantly weaker

than a respective counterpart in Table 6.3. This contrast suggests the smooth curvature

and structure of the Gaussian parameterisation (Reizinger and Huszár, 2023) contribute
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to effective cross-lingual alignment. Another contribution of the latent variable approach

is some degree of non-determinism within the encoding space through random sampling.

The augmented model can assign semantic meaning to some latent neighbourhood,

with respective mean and probability density, rather than the exact point output by

the deterministic encoder. We conjecture that the structure of similar meaning as a

neighbourhood, rather than a exact point, in the latent space will support how task

knowledge can be transferred between languages. Practically, these non-parametric

approaches are also challenging to implement. The lack of closed-form expressions

of distance (e.g., Equation (6.18) or Equation (6.17)) leads to numerical underflow

instability during training. Even using MMD, which does not require an exact solution,

fared poorer without the latent variable structure.

Does MINOTAUR Require Parallel Data? The methodology for MINOTAUR and

training algorithm in Algorithm 2 mandate that MINOTAUR requires parallel inputs

from different languages to align equivalent semantics across conditional posteriors. To

study if MINOTAUR is robust to cross-lingual alignment without this requirement, we

develop an ablation on MINOTAUR which optimises alignment between non-parallel

inputs (i.e., xl is not a translation of xEN and outputs are not equivalent). We intuitively

expect parallelism is needed to successfully learn the similarity between representations

with equivalent semantics.

Table 6.5 shows that data parallelism is surprisingly not required using ‘DZ|X only’

to align marginal distributions only. The ‘DZ|X only’ and ‘DZ|X +DZ’ techniques

significantly under-perform relative to equivalent methods using parallel data. This is

anticipated as alignment between conditional posterior samples from inequivalent inputs

should likely not be aligned. Therefore, forcing this alignment could add unnecessary

noise in training. However, the ‘DZ|X only’ method is significantly above other methods

with the closest performance to the parallel equivalent. Parallel and non-parallel methods

for ‘DZ only’ alignment differs by the smallest 0.3%. We note that this difference is still

significant. MINOTAUR using only conditional posterior alignment is ≥ 2.4% weaker

without parallel data. The minimal difference between marginal posterior alignment

supports our interpretation that MMD aligns at a ‘language level’. We conjecture

that marginal posterior alignment should not require parallel data, provided sufficient

samples to estimate Q(Z) for each language.
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EN FR ES DE HI TH TARGET AVG.

Parallel Data

DZ|X only 78.6±1.0 72.1±0.4 74.3±1.4 68.7±1.1 67.4±4.4 53.2±1.9 67.1±8.3

DZ only 78.7±0.9 72.3±0.5 74.3±0.4 68.8±0.7 67.5±0.9 53.3±1.6 67.2±8.2

DZ|X +DZ 80.2±0.4 72.8±0.5 74.9±0.1 70±0.7 68.6±0.5 54.7±2.5 68.2±7.9

Non-parallel Data

DZ|X only 78.9±0.2 67.3±5.6 68.3±3.8 64.6±4.9 59.4±3.4 54.0±3.6 62.7±6.0

DZ only 77.6±1.6 71.5±0.4 72.9±1.1 68.4±0.5 67.2±0.8 54.5±0.9 66.9±7.3

DZ|X +DZ 78.8±0.2 70.9±0.5 71.9±0.4 67.9±0.5 64.5±0.6 540±1.4 65.8±7.2

Table 6.5: MTOP SCIEM Accuracy sampling 10 SPIS using parallel data inputs (above),

and non-parallel data inputs (below) between languages in MINOTAUR. We sample

English input, xEN, and an input in language l, xl which is not a translation of xEN for

Equation (6.21). This approach weakens individual posterior alignment but identifies that

MMD is the least sensitive to input parallelism. The significant best result is bolded.

6.3.3 Visualising Latent Representation Similarity

We study the representation space learned by MINOTAUR for MultiATIS++SQL at 1%

sampling using the same t-SNE method from Section 2.4.2. For MINOTAUR, we average

the sampled z states for each input sentence for comparison to previous chapters. We

consider if explicit representation alignment emerges from training with MINOTAUR,

and how this alignment contrasts to MBART50 (Tang et al., 2021) and methods from

Chapters 3 to 5.

We visualise the contrasting alignment from different methods in Figure 6.4 using

t-SNE. Table 6.6 also shows a quantitative comparison between methods. We identify

that MINOTAUR produces the visually clearest representation alignment showing repre-

sentations from different languages mapping to the same semantic cluster. MINOTAUR

uses the latent variable structure to organise different input utterances to a latent distri-

bution with the same semantics. MINOTAUR also produces less monolingual clustering

artefacts compared to MBART50 and prior methods. We observe that MINOTAUR

does not align ZH (pink) as successfully as other languages, echoing the challenge in

cross-lingual alignment between distant languages observed in Chapter 3 and Chap-

ter 4. We estimate this is an artefact of how explicit alignment is minimised. However,

our explicit method overall demonstrates the closest alignment compared to previous

chapters.

We quantitatively verify the validity of MINOTAUR alignment by analysing the

high-dimensional similarity between encodings in Table 6.6. MINOTAUR produces

representations which are more cosine-similar than any prior method, with a 63%
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Method Type Method Cosine (↑) Top-1 Top-5 Top-10

Pre-trained Model MBART50 0.576 0.521 0.745 0.796

Lower Bound Train-EN Only 0.364 0.669 0.775 0.964

Upper Bound MULTILINGUAL Gold 0.698 0.784 0.981 0.991

Machine Translation FATES 0.670 0.720 0.957 0.992

Zero-shot ZEUS 0.760 0.832 0.944 0.971

Few-shot @1% sampling

Train-EN∪ALL 0.470 0.634 0.835 0.877

Train-EN→FT-ALL 0.541 0.714 0.898 0.922

Reptile-EN→FT-ALL 0.673 0.702 0.920 0.946

DRAKON 0.844 0.797 0.949 0.963

MINOTAUR 0.941 0.874 0.994 0.998

Table 6.6: Average similarity between encodings of English and target languages for

MultiATIS++SQL. Cosine similarity evaluates average distance between encodings of

parallel sentences. Top-k evaluates if the parallel encoding is ranked within the k most

cosine-similar vectors (higher (↑) is better). Best excluding the upper-bound is bold.

improvement in similarity compared to the original MBART50 pre-trained model. Con-

sidering the Top-k ranked similarity, Table 6.6 identifies that > 99% of representations

learned by MINOTAUR have a parallel utterance within the five closest representations.

We interpret this as the representation space using MINOTAUR is more semantically

distributed relative to MBART50 or our previous methods. Representations from

MINOTAUR for a given utterance are closer to semantic equivalents than an arbitrary

utterance in the same language. This technique offers the best solution to our overar-

ching hypothesis of learning cross-lingual semantic parsing via accurate and robust

representation alignment.

6.3.4 Error Analysis

Similar to Chapter 5, we contrast the model predictions at 1% sampling between

baselines and MINOTAUR. We specifically analyse the MultiATIS++SQL examples

where MINOTAUR improves on DRAKON, and analyse the improvement over baselines

similar to previous chapters.
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Multi-Word Expressions The primary improvement arises from improved handling

of multi-word expressions and language-specific modifiers. For example, adjectives

in English are often multi-word adjectival phrases in French (e.g., “cheapest”→ “le

moins cher” or “earliest”→ “à plus tot”). Improved handling of this error type accounts

for an average of 54% of improvement across languages, with the highest in French

(68%) and lowest in Chinese (38%). We estimate that a combination of marginal

and conditional posterior alignment in MINOTAUR benefits this specific case where

semantics are expressed in varying numbers of words between languages. While this

could be similarly approached using fine-grained token alignment labels, MINOTAUR

improves transfer in this context without additional annotation.

This is a similar pattern to the improvement in handling ‘Modifier Phrases’ in

Chapter 5. We identify that MINOTAUR makes similar improvements as DRAKON

but makes further improvement in recognising these multi-word modifiers in target

languages. While this analysis is prominent for French, it is unclear why the transfer

to Chinese is weaker. A potential interpretation is that weaker transfer of multi-word

expressions to Chinese could be related to poor sub-word tokenisation. Most sub-

word tokenisation of Chinese decomposes into single character subwords (Hofmann

et al., 2022). Therefore, multi-word expressions may be inadequately decomposed

into constituent semantic units in the pre-trained vocabulary. Sub-optimal tokenisation

of logographic or information-dense languages is an ongoing debate (Hofmann et al.,

2022; Si et al., 2023) and requires further study beyond the scope of this thesis.

Executability Translation-based models and zero-shot systems often generate mal-

formed, non-executable SQL. Additional improvement from MINOTAUR is observed

from a 24% reduction in generating ill-formed SQL executed within a database. Syntac-

tic correctness is critical when a parser encounters a rare entity or unfamiliar linguistic

construction, and this improvement highlights how our model can better navigate inputs

from languages minimally observed during training. We observed a similar improve-

ment for ZEUS in Chapter 4. We suggest that both methods of representation alignment

limit the encoder from generating representations which the decoder cannot interpret.

By limiting the generation of ‘malformed’ representations, erratic predictions from

unfamiliar encodings are reduced. This leaves only semantic errors within syntactically

well-formed SQL to be addressed.
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6.4 Related Work

Optimal Transport (OT) in Natural Language Processing is often used as an unsuper-

vised solution to matching distributions from disparate domains. This framework proves

useful when the input and output domains are known (e.g., PX and PY ) but the joint distri-

bution, P(X ,Y ), is unknown or intractable to estimate. OT manifests in tasks requiring

some alignment or discrete mapping between domains such as cross-lingual embedding

alignment or bilingual lexicon induction. Estimating this cross-domain coupling often

employs Sinkhorn distances (Cuturi, 2013; Feydy et al., 2019) to iteratively optimise

the coupling as an online minimisation sub-problem during training. Sinkhorn distances

interpolate between Wasserstein distances and Maximum Mean Discrepancy. This is

similar to MINOTAUR but requires an additional inner loop of iterative convergence to

estimate the cross-domain coupling. MINOTAUR avoids using Sinkhorn distances by

introducing the parametric posterior distribution to exploit closed-form divergences.

Zhang et al. (2017) use the Sinkhorn formulation of Optimal Transport to align static

embedding matrices from different languages. This method differs from geometric

methods, e.g., Conneau et al. (2017), by modelling the embeddings as distributions to

compute a Sinkhorn distance between known embedding pairs. Zhang et al. (2017)

use the Sinkhorn distance between cross-lingual token pairs to initialise the embedding

mapping, and subsequently use geometric alignment to complete the mapping between

embedding spaces. Alvarez-Melis and Jaakkola (2018) extend this method for bilin-

gual lexicon induction by modelling the complete embedding matrices as distributions,

rather than token-level pairings. Alvarez-Melis and Jaakkola (2018) use the Gromov-

Wasserstein distance (Mémoli, 2011), an extension of the Wasserstein distance useful

for comparing metric spaces directly, to minimise the distance between the complete

embedding space across languages. This generalises the technique of Zhang et al. (2017)

and removes the need for an additional geometric solution. Alqahtani et al. (2021)

propose an alternative extension for contextual (i.e., BERT style) embeddings to learn

word-alignment pairings from bitext corpora in an unsupervised fashion. Applying

the Sinkhorn distance transformation to contextual embeddings demonstrates signifi-

cant improvement in cross-lingual transfer from English for entailment and question

answering.

Methods for explicit alignment often employ contrastive learning to “pull” similar

representations closer and “push” dissimilar representations apart. Wu and Dredze

(2020) propose a contrastive similarity loss, extending Alqahtani et al. (2021), using
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cosine distance to improve cross-lingual transfer by fine-tuning on additional bitext.

This method demonstrates improvement on a range of sequence-labelling tasks and

is less computationally intensive than the above Sinkhorn-based methods. Recently

within spoken-language understanding, Qin et al. (2022) and Liang et al. (2022) propose

similar multi-level explicit alignment methods. These methods approximately learn

an utterance-, label- and word-level alignment using contrastive learning to improve

representation quality for cross-lingual transfer. While these techniques improve perfor-

mance, they require expensive fine-grained annotations of word- and label-alignment

across utterances. Wieting et al. (2023) demonstrate that using the same variational

representation space removes the requirement for contrastive learning when learning

embeddings for multilingual information retrieval. Wieting et al. (2023) optimise a

single probabilistic representation space for both monolingual separability and multilin-

gual representation similarity. This is shown to improve multilingual feature sharing

and retain useful monolingual features, with an overall improvement in cross-lingual

passage retrieval for question answering. While similar to MINOTAUR, this approach

requires parallel data to learn any cross-lingual similarity. We show in Section 6.3 that

MINOTAUR can succeed without this requirement.

Within semantic parsing, prior work validates that latent structure can improve

performance and provide some interpretability of the latent space. Kočiský et al. (2016)

demonstrate an early method of using a variational latent space to improve semantic

parsing. The intermediate state of a recurrent neural network parser is parameterised

as a Gaussian distribution, enabling robust sampling from the latent space to generate

auxiliary logical forms. These samples are used for additional self-supervised auto-

encoder training. This semi-supervised training improves parsing in domains with

minimal data where logical forms are expensive to annotate. Yin et al. (2018) extend

this approach using a tree-based hierarchical structure to model the latent posterior as

the logical form. This reframes the task entirely as an auto-encoding objective with the

logical form as the latent state intermediary between encoder and decoder. While both

methods demonstrate the utility of latent structure in semantic parsing, neither is applied

in a cross-lingual setting. MINOTAUR is the first to jointly model semantic parsing

and cross-lingual transfer as an Optimal Transport task. This work is the most recent

and novel to be published from this thesis leading to lesser recent follow up research.

Recently, efforts such as Li et al. (2024) have further validated the importance of latent

representation alignment within generative tasks to improve cross-lingual transfer.
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6.5 Summary

This chapter proposes a second few-shot cross-lingual semantic parsing approach

using probabilistic latent variables to learn cross-lingual representation alignment. In

Section 6.1, we propose MINOTAUR: a method for transferring task knowledge to

a target language only by aligning latent representations from different languages.

MINOTAUR uses an Optimal Transport-based joint coarse- and fine-grained divergence

penalty encouraging latent encodings of target languages to match the equivalent

latent representation for English. We periodically augment the typical cross-entropy

sequence generation loss with the MINOTAUR loss to contribute latent representation

alignment jointly with learning the parsing function. Similar to Chapter 4, our intuition

is that matching the latent representation for English in target languages enables target

language parsing using a few annotated examples.

We validate our hypothesis that explicit representation alignment enables sample-

efficient cross-lingual transfer. In Section 6.3, we identify why MINOTAUR generally

outperforms DRAKON, ZEUS, and FATES as the most accurate target language parser.

Notably, MINOTAUR is more accurate on average than DRAKON at every few-shot

sampling level for both MultiATIS++SQL and MTOP. MINOTAUR is also more sample

efficient than DRAKON in demonstrating superior accuracy with smaller samples. We

observe that MINOTAUR is beneficially due to aligning marginal distributions between

languages using batch-level estimation of each distribution. Ablations identify where

MINOTAUR requires parallel data and the importance of the latent variable structure

within the model for stability. We highlight that MINOTAUR aligning using only

marginal distributions relaxes the parallel data constraint for alignment without parallel

task-specific in target languages. Further analysis identifies that MINOTAUR can produce

a more semantically distributed latent space with representations clustering by meaning

rather than source language. MINOTAUR is the best-performing system in this thesis;

additionally producing the most language-agnostic latent representations by directly

targeting representation alignment.





Chapter 7

Conclusions and Future Work

7.1 Contributions

In this thesis, we consider the task of cross-lingual semantic parsing with limited

resources. In Chapter 1, we outline a case study of an engineer prototyping expanding

a semantic parser human-computer interface to support multiple additional languages

beyond English. We propose strategies for this objective oriented towards data-efficient

cross-lingual transfer requiring minimal additional data collection or annotation. Our

modelling contributions focus on learning representation alignment between latent

representations from different languages within the parser. This thesis reveals that

accurate cross-lingual semantic parsing is possible by composing samples of target

language data within models explicitly optimising for both parsing and cross-lingual

transfer. Furthermore, we highlight the varying merits of machine translation, data

borrowed from adjacent tasks, and few-shot sampling of the target language data

distribution. The contributions in this thesis are commercially valuable, proposing

economical strategies for assistant technologies to support more languages, and novel

for cross-lingual transfer, proposing new methods for cross-lingual modelling and

optimisation.

Our overarching hypothesis considers if cross-lingual semantic parsing is enabled
by aligning representations between English and target languages. Under this view,

we consider strategies to learn this alignment contingent upon sampling various true or

synthetic data distributions. Globally, our results validate this hypothesis as we observe

broad improvement in parsing in step with improved cross-lingual representation align-

ment. Between Chapters 3 to 6, techniques producing greater representation alignment

also produce more accurate cross-lingual transfer. For our case study, compromising
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between data quality, budget, model complexity and computation resources is necessary

to choose the best parser.

In Chapter 3, we considered the hypothesis that machine translation can ad-
equately approximate natural language for cross-lingual transfer in semantic
parsing. This investigation studied whether machine translation can be used as an

intermediary component in the parsing pipeline for representation alignment. Sufficient

accuracy in machine translation offers a low-cost strategy for cross-lingual semantic

parsing without requiring expert data annotation. We observe this hypothesis to be

invalid, as machine-translated data is insufficiently natural to generalise to gold data

from fluent target language speakers. Translating the test data in target languages to

English provides a robust baseline. However, errors in interpreting entities and unnat-

ural phrasing limit the performance without training on target language data directly.

When translating data from English to target languages, we observed similar issues

but identified improved solutions using data augmentation or model ensembling. Our

model, FATES, combines multiple parallel encoders learning from multiple machine

translation sources to increase the syntactic diversity for target language training data.

This yields improvements in parsing all target languages and moderate improvement in

representation alignment. FATES is competitive for some datasets and languages with

the lowest cost of all methods proposed in this thesis.

In Chapter 4, we considered the hypothesis that auxiliary multilingual tasks and
data can induce cross-lingual representation alignment without target-language
training data. Given the deficiency with machine translation, we evaluated borrowing

target language data from adjacent tasks to learn cross-lingual representation alignment.

If auxiliary tasks produce generalisable representation alignment, then semantic parsing

data for target languages is unnecessary for transfer. We propose ZEUS, a multi-

task model combining monolingual semantic parsing with three auxiliary tasks using

multilingual data. Our results validate the hypothesis that multilingual auxiliary tasks

improve representation alignment for zero-shot cross-lingual semantic parsing. ZEUS

improves upon FATES in representation similarity and parsing without introducing

unnatural data from machine translation. Each auxiliary task in ZEUS contributes by

fine-tuning the encoder to each target language or minimising the language-specificity

of any latent encoding. Furthermore, we observe that variation in surface form diversity

and style contributes significantly to parsing performance. The optimal ZEUS model

trained auxiliary tasks using text in question-style syntax from all target languages.

However, we identify this improvement is insufficient to compete with the upper-bound
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of fully supervised training (i.e., 100% translation) due to a domain mismatch between

auxiliary task data and parsing data.

In Chapter 5, we considered the hypothesis that meta-learning improves few-shot
cross-lingual transfer by promoting gradient-level cross-lingual regularisation
of task-specific training. We identified how machine translation and auxiliary tasks

are challenged by fluency and domain relevance in data sources. To counter this, we

considered if a few examples from target languages are more valuable for cross-lingual

transfer without suffering the same issues. This few-shot approach finally considers the

value of sampling the true target language data distribution, and how many samples we

need for accurate transfer. We considered a meta-learning approach optimised for data-

efficient few-shot cross-lingual transfer subject to translating≤ 10% of the English data.

By ‘learning to learn’, meta-learning offers a promising strategy for rapidly learning

to parse any target language from a few examples. Chapter 5 proposed DRAKON, a

meta-learning algorithm optimised for cross-lingual transfer within semantic parsing.

DRAKON optimises a meta-gradient for the task and aligns this gradient with a few-shot

samples from the target languages. This gradient-level alignment integrates task-specific

optimisation with cross-language task transfer to optimise in a mutually beneficial

direction for English and target language gradients. Our results validate our hypothesis,

observing improved representation alignment and more accurate cross-lingual transfer.

DRAKON integrates the meta-training and fine-tuning stages of meta-learning into a

single optimisation stage, surpassing all adjacent few-shot strategies in performance

and representation alignment.

Finally, Chapter 6 considered the hypothesis that explicit cross-lingual representa-
tion alignment improves the transfer of task knowledge to target languages. We

considered directly optimising the representation alignment objective, rather than study-

ing this as an outcome from previous modelling contributions. Chapter 6 augmented a

parser with a latent variable between the encoder and decoder. This model redefines

the latent representation over a probability distribution. We proposed to minimise

the divergence between probabilistic latent variables in a few-shot learning routine.

We expect that minimising latent variable divergence directly optimises cross-lingual

representation alignment within the parser. Our method, MINOTAUR, uses Optimal

Transport to minimise a divergence penalty between latent variables from different

languages. MINOTAUR measures divergence between latent variables at coarse and fine

granularities to align both global and local representation structures. We observe that

MINOTAUR surpasses all other methods including baselines, few-shot meta-learning
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with DRAKON, FATES using machine translation, and zero-shot ZEUS using auxiliary

tasks. This validates our hypothesis that explicit representation alignment surpasses

methods encouraging implicit alignment to improve cross-lingual transfer. We also

analytically identified that MINOTAUR learns the closest representation alignment with

the clearest semantic similarity between representations with equivalent meaning from

different languages.

Across our data sampling strategies, we find that gold data is more valuable
than silver data for cross-lingual transfer in semantic parsing. In Chapter 3, we

discussed the limitations of machine translation generally as errors in producing natural

translations. We identified entity mishandling, unnatural phrasing, and erroneous

disambiguation as major challenges to improving how machine translation can be

exploited for our task. However, FATES demonstrated that providing multiple machine

translation sources partially mitigates these errors using more diverse data. In Chapter 4,

we identified that domain and syntax similarity is desirable for auxiliary task data.

Zero-shot parsing suffered when auxiliary data poorly resembled the parsing test data

e.g., using declarative sentence text from arbitrary sources. These limitations motivated

our study of few-shot data sampling in Chapter 5 and Chapter 6. We observe that

using a small sample of domain-relevant target language data enabled a model to learn

improved cross-lingual similarity without distractors of unnatural or irrelevant data.

Both DRAKON and MINOTAUR generally improved upon methods without few-shot

sampling. Auditing of data quality is also no longer required as the few-shot samples

are natural and relevant by design.

Considering our original case study in Chapter 1, our findings indicate that few-shot

sampling of the target language is the most reliable strategy for accurate cross-lingual

semantic parsing. We propose that the expense of modest expert annotation is more

valuable than using cheaper sampling approaches producing poorer parsing. Few-shot

sampling is best integrated with the MINOTAUR model, proving more data-efficient and

requiring fewer training resources than DRAKON. The MINOTAUR parser demonstrated

the most accurate parsing with the fewest resources to best satisfy the constraints of the

case study. However, we identify that DRAKON is more accurate for languages highly

dissimilar to English. We conjecture that this is due to the implicit methodology able to

disregard language similarity during learning. Therefore, DRAKON could be a preferred

strategy for prototyping a parser for distant target languages. Additionally, FATES and

ZEUS provide competitive strategies for prototyping a parser if few-shot data sampling

is beyond the available budget. The contributions of this thesis are as follows:
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MultiATIS++SQL: In Section 2.3, we create a new split of the ATIS dataset Hemphill

et al. (1990); Dahl et al. (1994) for executable cross-lingual transfer. This allows

the evaluation of grounded cross-lingual transfer from English to French, German,

Portuguese, Spanish, German and Simplified Chinese.

FATES: We propose a multi-encoder model for improving cross-lingual semantic pars-

ing with silver-standard data sources.

ZEUS: We propose a multi-task model for learning representation alignment from

English-language semantic parsing and multilingual auxiliary tasks.

DRAKON: We propose a meta-learning algorithm for few-shot cross-lingual seman-

tic parsing. Our algorithm efficiently combines task-specific and cross-lingual

gradients for cross-lingual transfer.

MINOTAUR: We propose an explicit representation alignment methodology for few-

shot cross-lingual semantic parsing. MINOTAUR uses a latent-variable encoder-

decoder model with representation alignment using Optimal Transport for data-

efficient cross-lingual transfer.

We hope that our contributions to modelling, optimisation and data sampling mo-

tivates further study of achieving cross-lingual transfer within semantic parsing and

challenging future tasks.

7.2 Future Work

Larger language models Chapter 6 presents a trade-off between model size and data

quality wherein large language models (LLMs) can better exploit lower-quality data

(e.g., from machine translation or prompt-based generation). We observe that these

methods perform competitively to smaller models using gold-standard data such as

MINOTAUR. We discuss this as a dichotomy, given the shortcomings of combining

silver-standard data with smaller models from Chapter 3. However, the inverse case

using an LLM with gold-standard data is a potential future investigation. We do not

consider this approach as we judge the required computation, training and annotation

expense as beyond feasible for our case study. Recent work validates the potential for

few-shot cross-lingual transfer across multiple natural language understanding tasks

excluding semantic parsing (Tanwar et al., 2023; Asai et al., 2023). However, there is an
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ongoing debate between fine-tuning or in-context learning as best practice. In-context-

learning (ICL) has the potential to be more efficient without requiring additional training

but can suffer for languages less prevalent during pre-training (Ruder et al., 2023). Fine-

tuning is more reliable for these lower-resource languages, but the computation required

to robustly fine-tune an LLM is beyond the resources of many researchers. We raise

that further study is needed to combine LLMs with cross-lingual semantic parsing

using gold data. Future work must address this compromise between fine-tuning and

ICL, and investigate how to yield accurate parsing when long SQL statements and

serialised databases can consume much of the ICL context window. Methods such as

latent variable alignment with MINOTAUR are potentially applicable at an LLM scale to

improve parsing with latent structure. We raise that an LLM-driven cross-lingual parser

can likely surpass the accuracy of parsers outlined in this thesis. However, the greater

challenge is surpassing our methods’ data and computation efficiency while retaining

any performance gain. Future work could consider parameter-efficient fine-tuning (e.g.,

low-rank adaptation Hu et al. (2022)) for integrating cross-lingual transfer with semantic

parsing.

Advancing Cross-lingual Alignment We study cross-lingual representation align-

ment within the context of semantic parsing. However, many additional tasks might

benefit from cross-lingual representation alignment e.g., retrieval-oriented tasks, ma-

chine translation or cross-lingual summarisation. Our methods for latent similarity in

cross-lingual transfer can be broadened to enable more general task transfer. For a

retrieval example, an aligned representation space in a Retrieve-and-Generate system

(Lewis et al., 2020c, RAG) could condition upon a new language by only aligning the

embedding space for retrieving context. Wieting et al. (2023) propose latent variable

representation alignment for cross-lingual question answering using bitext. MINOTAUR

using marginal posterior alignment only could improve learning a representation space

for languages where bitext is scarce or entirely unavailable. With parallel data available,

MINOTAUR could be decomposed in incremental stages to learn representation align-

ment from parallel and non-parallel data. First, coarse-grained alignment could use

non-parallel data, which is easier to source without demanding annotation. Second, any

parallel data could be used for coarse- and fine-grained alignment similar to Chapter 6

to further improve latent similarity. This could maximise representation similarity by

exploiting all available corpora for a target language.
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