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Modern NLP systems have been highly successful at a wide variety of tasks, includ-
ing language modeling and structured prediction problems such as syntactic and semantic
parsing. This is due in large part to the use of supervised neural networks and more re-
cently to unsupervised contextualized representations. However, these techniques rely
on resources, such as extensive task-specific annotation and vast amounts of unlabeled
text, which are not available in every language. Thus, most prior research has been fo-
cused on high-resource languages such as English. Crosslingual transfer from a high-
resource source language, or sharing among many languages, has increasingly been used
to achieve similar improvements in low-resource languages by exploiting underlying sim-
ilarities between languages; however, many techniques for crosslingual transfer in turn
require crosslingual resources such as parallel corpora, which again may not be available.
All of these factors pose challenges to natural language processing in low-resource lan-
guages.

This thesis argues that even with little, indirect or absent crosslingual supervision, shar-



ing information between languages is a highly effective strategy for low-resource NLP, and
quantifies the benefits in various low-resource settings and languages. We describe two
lines of work addressing the problem of crosslingual transfer in such low-resource set-
tings. In the first, we present language models and supervised structured prediction mod-
els which take a joint training approach, sharing parameters across several languages, to
improve performance relative to monolingual training. We begin the second with GroC, a
language model with compositional input and output representations which store linguis-
tic information independently of any specific vocabulary, and show that GroC succeeds in
low-resource language modeling and monolingual domain adaptation. Finally, we unite
these two threads by using joint crosslingual training for compositional language models,
including ones which use crosslingual lexicons not available to previous multilingual mod-
els. We show that this combined approach improves low-resource learning for a variety of

target languages.
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Chapter 1
INTRODUCTION

This thesis considers the problem of natural language processing (NLP) in low-resource
settings, and addresses it by means of sharing information between languages. It con-
tributes experimental evidence that at small scales, neural models for NLP can benefit
from the use of multilingual data, as well as architectures designed to make efficient use
of limited data. These facts have implications for the extension of NLP models, which
are currently highly successful in English and certain other high-resource languages, to
languages with less available data.

What exactly it means for a computer to learn a language is not a settled question,
but analyzing the structure of a sentence, translating from one language to another, or
summarizing a passage are all tasks which modern machine learning models regularly
undertake, and to a great extent succeed at—in some languages, at least. But whether we
wish to provide practical tools to speakers of a language or to understand the way that
language behaves as a matter of scientific inquiry, it is worthwhile to pursue these goals
for every human language, not just a few. Currently, though, there are thousands of living
human languages for which these goals are not met by existing models. To clarify the
significance of this problem, we first place it in historical context.

1.1 Background: A Brief History of Multilingual NLP

Since the earliest formulations of natural language processing (Weaver, 1952; McCarthy
etal., 1955), researchers have sought linguistic capacities more general than any one language—
translating between languages by understanding the shared semantics underlying two
sentences, for example (see Chapter 2 for work on multilingual semantics), or defining new
words in terms of ones already known (see Chapter 4). Historically, though, rule-based ap-
proaches meant that models of natural language depended on developers” knowledge of
the language, with the consequence that research efforts, even when using in-principle
language-independent theories, tended to cluster in a few well-studied languages (Bender
et al., 2002; Beesley and Karttunen, 2003). In the late 1980s and 1990s, attention shifted to
“empiricist” or statistical methods based on analyzing large quantities of language data
(Church and Mercer, 1993). Some researchers saw in this an opportunity from multilin-
guality: any language could be handled statistically, given data in that language (Cucerzan
and Yarowsky, 2000; Diab and Resnik, 2002; Dumais et al., 1997, inter alia). But while many
tasks could be framed in language-independent ways, varying amounts of resources meant
that using the same techniques for different languages met with varying amounts of suc-



cess (Resnik et al., 1999). A variety of multilingual resource-boosting solutions flourished
for a while: annotation projection via parallel corpora (Yarowsky et al., 2001; Hwa et al.,
2005) or machine translation of labeled data to a target language (Durrett et al., 2012; Duh
et al., 2011) enabled statistical NLP techniques for lower-resource languages by combin-
ing annotation in high-resource languages with crosslingual supervision. Model transfer
(Zeman and Resnik, 2008) approaches used delexicalized data, annotated with language-
universal features such as part-of-speech tags, to learn a language-general model on source
language data or a combination of source and target data, then apply it to the target lan-
guage.

With the rise of neural networks and continuous vector representations in the 2010s
(Mikolov et al., 2013; Faruqui and Dyer, 2014), a polyglot approach to NLP (Tsvetkov et al.,
2016) gained popularity: models that were trained on and applied to multiple languages
at once, generalizing over the variation between languages (Tdckstrom et al., 2012; Guo
et al., 2015; Ammar et al., 2016a,b). Multilingual word vectors enabled the representation
of words from multiple languages in a shared semantic vector space, and parameter shar-
ing in neural networks allowed hidden representations to be similarly multilingual. This
approach has persisted through subsequent shifts in the field, such as replacing word vec-
tors with contextualized representations (Chapter 3) and replacing task-specific models
with large language models in the pretraining-finetuning paradigm (Devlin et al., 2019).
It has now arguably become dominant in the field: in the past few years, state of the art
large language models, whether they are focused on multilinguality (Xue et al., 2021) or
not (Chowdhery et al., 2022), are routinely evaluated for multilingual capabilities devel-
oped from the inclusion of multilingual training text, with little language-specific design
and no crosslingual supervision.

1.2 This Work

Polyglot models are preferred for their ease of use and for their potential to solve the prob-
lem of low-resource languages, where sufficient data for neural methods is lacking: by
sharing information between languages, high-resource languages can improve the perfor-
mance of low-resource ones. This is especially critical as scale increases, because resource
disparities in existing datasets are stark. Common Crawl, a repository of content scraped
from the web which is frequently used as a source of text data, includes text from hundreds
of languages—but more than 45% of the documents crawled are in English, just ten lan-
guages together account for over 82%, and Hindi, the world’s third most-spoken language,
represents less than 0.13%.!

However, crosslingual sharing at scale is not, by itself, a complete answer to the prob-
lem of multilingual NLP. Results in this thesis suggest, and other contemporary work (Pires

IStatistics based on the CC-MAIN-2022-05 crawl. See https://commoncrawl.github.io/
cc-crawl-statistics/plots/languages.
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et al., 2019; Singh et al., 2019; Lauscher et al., 2020) corroborates, that crosslingual trans-
fer through polyglot models is more successful for typologically or phylogenetically close
languages. If typological similarity or phylogenetic relatedness is important for successful
crosslingual transfer, then many languages (isolates, or languages whose nearest relatives
are all low-resource) may still be left behind. The “curse of multilinguality”, or the ten-
dency of crosslingual performance to degrade as more languages are added to a model
(Conneau et al., 2020), also increases the requirements for massively multilingual models’
capacity, which can be extremely burdensome at large scales.

1.3 Roadmap

In this thesis, we explore approaches to the prediction of linguistic structures and language
modeling based on the principle of crosslingual sharing, with a focus on very low-resource
scenarios. To this end, we consider tasks (named entity recognition, semantic role label-
ing, and dependency parsing) that involve predicting linguistic structures or labels for a
given sentence. When evaluating language models, we focus on perplexity, again for the
ability to directly quantify relatively subtle changes in representation quality for classes of
words, rather than via a downstream proxy such as question answering. While state of
the art models are now frequently evaluated via natural language generation in response
to prompts or templates, we choose evaluations that allow relatively fine-grained, quan-
tifiable analysis of the types of information that are successfully transferred, finding for
example that common labels benefit more from polyglot training than rare ones. These
evaluations provide more meaningful information than can be obtained from generation
tasks, as this work studies the ability of very-low-resource models to learn low-level syntax
and semantics, rather than pragmatics, world knowledge, and common sense.

We investigate the mechanisms of polyglot training by exploring its effect at small
scales, and quantify the benefits to low-resource NLP in a variety of settings and languages.
In the first part of this work, Polyglot Modeling, we describe two models that address the
low-resource problem through joint multilingual training, in which large numbers of pa-
rameters or a full model are trained on data from multiple languages. Our hypothesis is
that, although each language is unique, different languages manifest similar characteristics
(e.g., morphological, lexical, syntactic) which can be exploited by training a single model
with data from multiple languages (Ammar, 2016).

Inspired by the approach of Ammar et al. (2016a), we apply this idea—which we call
polyglot training—to PropBank-style semantic role labeling (SRL) in Chapter 2. We train
several parsers for each language in the CoNLL 2009 dataset (Haji¢ et al., 2009): a tradi-
tional monolingual version, and variants which additionally incorporate supervision from
the English portion of the dataset. To our knowledge, this is the first multilingual SRL
approach to directly combine supervision from multiple languages. We find that the poly-
glot approach outperforms the monolingual approach on most languages, and that the



improvement is greater the less data the target language has. This is true even when the
annotation labels of the target language are different from those of English, suggesting
that the model learns similarities between related labels with different names. We find that
even a simple combination of data is as effective as more complex kinds of polyglot train-
ing, and analyze specific label accuracies to show that transfer is most effective for more
common labels in a given language.

In Chapter 3 we describe Rosita, a jointly trained multilingual language model for pro-
ducing multilingual contextualized representations. With this model, we explore crosslin-
gual transfer between highly dissimilar languages (English—Chinese and English— Arabic)
for three core tasks: SRL, named entity recognition (NER) and Universal Dependency (UD)
parsing. Our experiments cover comparisons in three dimensions: monolingual vs. poly-
glot representations, contextual vs. word type embeddings, and, within the contextual
representation paradigm, purely character-based language models vs. ones that include
word-level input. We show that for most language-task combinations, polyglot models
can improve over monolingual ones, even in a relatively high-resource setting. Sections
3.7 and 3.8 provide comparisons to a different method of producing multilingual contex-
tualized word representations, and demonstrate that joint crosslingual training performs
better with fewer requirements. We also experiment with few-shot and zero-shot transfer
for a diverse set of languages, showing that joint crosslingual training produces reliable
improvements for low-resource dependency parsing.

In the second part of the thesis, Vocabulary Independence, we discuss another ap-
proach to low-resource modeling, first examining it in a monolingual setting and then
extending it to crosslingual modeling. GroC, short for Grounded Output Composition, is
an approach to word representations for language modeling that combines features de-
scribing surface character sequences, semantic relations, and word definitions from a lex-
ical resource like WordNet (Fellbaum, 1998). This parameterization means that GroC can
assign probability to words not seen during training, allowing a vocabulary different from
the training vocabulary—e.g., one associated with a different text domain or language—to
be considered at inference time. It also allows the model to share information between
words if they have similar spellings, semantic relations, or definitions. In Chapter 4 we
show experimentally that this property improves perplexity in a variety of language mod-
eling settings, and that the perplexity gains are strongest for low-frequency words, imply-
ing improved sample efficiency relative to baselines: compositional output representations
allow us to predict words from fewer training examples. In particular, we demonstrate im-
proved performance for low-resource and zero-resource cross-domain transfer, in which a
language model is trained on one domain and then evaluated on another domain with a
small amount of target domain finetuning or without any finetuning, respectively. While
the ability to adapt to new domains is by itself useful for low-resource language modeling,
it also hints at potential for crosslingual adaptation, which can be seen as an extreme sort of
domain adaptation (Prettenhofer and Stein, 2011).



Finally, following GroC’s idea of decoupling model and vocabulary, we blend “polyglot
modeling” and “vocabulary independence” in Chapter 5 by experimenting with multilin-
gual extensions to GroC, including multilingual joint training of compositional embed-
dings and incorporation of crosslingual lexicons for multilingual grounding. We compare
several kinds of models to examine the effect of partially or fully compositional word rep-
resentations in several languages. We find that polyglot modeling and vocabulary inde-
pendence are compatible, and when applied together improve low-resource learning be-
yond either one alone. We also find that crosslingual training of compositional embedding
networks produces robustly alignable embedding spaces that can be extended to out-of-
vocabulary words thanks to the property of vocabulary independence.

Together, this research contributes to a better understanding of the mechanisms of
crosslingual sharing, and provides several directions for future exploration.
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Chapter 2
STRUCTURED PREDICTION

This chapter discusses work originally published in Mulcaire et al. (2018), in collaboration with
Swabha Swayamdipta and Noah Smith.

2.1 Introduction

As described in the introduction, different languages have dramatically different amounts
of data available. This is true not just for scraped text but also for labeled training data
for tasks involving the prediction of linguistic structures; for example, version 2.9 of the
Universal Dependencies project has treebanks in 121 languages, but while the German
treebanks comprise nearly 3.75 million annotated tokens, more than half of the included
languages have fewer than 100,000 tokens, and a third have fewer than 10,000. Further-
more, since these tasks require expert annotators rather than crowd workers, these dispar-
ities can be expensive to address.

To address this problem, Ammar et al. (2016a) found that using training data from
multiple languages annotated with Universal Dependencies (Nivre et al., 2016), and rep-
resented using multilingual word vectors, outperformed monolingual training.

In this chapter, we apply a similar approach to the task of semantic role labeling, and
train a monolingual SRL parser, based on that of He et al. (2017), to train it jointly on
multiple languages at once. For each language in the CoONLL 2009 SRL dataset (Hajic et al.,
2009), we train a parser on that language’s data alone, and compare it to a polyglot parser
trained on that language and English, by evaluating on the target language test set.

The CoNLL 2009 dataset includes seven different languages, allowing study of trends
across the same. The data format is shared; regardless of the language, semantic relations
are represented as shallow dependency trees with arcs between predicates and arguments.
Unlike the Universal Dependencies dataset used in Ammar et al. (2016a), however, the
semantic label spaces are entirely language-specific, making our task more challenging.
Nonetheless, the success of polyglot training in this setting demonstrates that sharing of
statistical strength across languages does not depend on explicit alignment in annotated
data or even identical annotation conventions, and can be done simply through parameter
sharing.

We include a breakdown into label categories of the differences between the monolin-
gual and polyglot models. Our findings indicate that polyglot training consistently im-
proves label accuracy for common labels.



I think Peter even made some deals with the gorillas .
(o} o A0 AM-ADV O o] Al AM-ADV O o]

Pero el suizo dificilmente atacarda a Rominger en  la montafa .
[0} 0 arg0-agt argM-adv o) 0 argl-pat argM-loc O o

Cetrans oslovil sedm velkych evropskych vyrobcii nakladnich automobild.
[o} o] RSTR RSTR RSTR o o] PAT

Figure 2.1: Example predicate-argument structures from English, Spanish, and Czech.
Note that the argument labels are different in each language.

# sentences w/
#sentences 1+ predicates  # predicates

CAT 13200 12876 37444
CES 38727 38579 414133
DEU 36020 14282 17400
ENG 39279 37847 179014
JPN 4393 4344 25712
SPA 14329 13836 43828
ZHO 22277 21073 102827

Table 2.1: Train data statistics. Languages are indicated with ISO 639-3 codes.

2.2 Data

We evaluate our system on the semantic role labeling portion of the CoNLL-2009 shared
task (Haji¢ et al., 2009), on all seven languages, namely Catalan, Chinese, Czech, English,
German, Japanese and Spanish. For each language, certain tokens in each sentence in
the dataset are marked as predicates. Each predicate takes as arguments other words in
the same sentence, their relationship marked by labeled dependency arcs. Sentences may
contain zero, one or more predicates.

Despite the consistency of this format, there are significant differences between the
training sets across languages, because the datasets were annotated independently under
diverse formalisms and only later converted into CONLL format (Haji¢ et al., 2009). English
uses PropBank role labels (Palmer et al., 2005). Catalan, Chinese, English, German, and
Spanish include (but are not limited to) labels such as “argp-agt” (for “agent”) or “Ay”
that may correspond to some degree to each other and to the English roles. Catalan and
Spanish share most labels (being drawn from the same source corpus, AnCora; Taulé et al.,



2008), and English and German share some labels. Czech and Japanese each have their
own distinct sets of argument labels, most of which do not have clear correspondences to
English labels or to each other.

We also note that, due to semi-automatic projection of annotations to construct the Ger-
man dataset, more than half of German sentences do not include labeled predicate and
arguments. Thus while the German dataset includes almost as many sentences as Czech,
and far more sentences than Japanese, it has by far the fewest actual training examples
(predicate-argument structures); see Table 2.1.

2.3 Model

Given a sentence with a marked predicate, the CoNLL 2009 shared task requires disam-
biguation of the sense of the predicate, and labeling all its dependent arguments. The
shared task assumed predicates have already been identified, hence we do not handle the
predicate identification task.

Our basic model adapts the span-based dependency SRL model of He et al. (2017). This
adaptation treats the dependent arguments as argument spans of length 1. Additionally,
BIO consistency constraints are removed from the original model— each token is tagged
simply with the argument label or an empty tag. A similar approach has also been pro-
posed by Marcheggiani et al. (2017).

The input to the model consists of a sequence of pretrained embeddings for the surface
forms of the sentence tokens. Each token embedding is also concatenated with a vector in-
dicating whether the word is a predicate or not. Since the part-of-speech tags in the CoNLL
2009 dataset are based on a different tagset for each language, we do not use these. Each
training instance consists of the annotations for a single predicate. These representations
are then passed through a deep, multi-layer bidirectional LSTM (Graves, 2013; Hochreiter
and Schmidhuber, 1997) with highway connections (Srivastava et al., 2015).

We use the hidden representations produced by the deep biLSTM for both argument
labeling and predicate sense disambiguation in a multitask setup; this is a modification to
the models of He et al. (2017), who did not handle predicate senses, and of Marcheggiani
et al. (2017), who used a separate model. These two predictions are made independently,
with separate softmaxes over different last-layer parameters; we then combine the losses
for each task when training. For predicate sense disambiguation, since the predicate has
been identified, we choose from a small set of valid predicate senses as the tag for that
token. This set of possible senses is selected based on the training data: we map from lem-
matized tokens to predicates and from predicates to the set of all senses of that predicate.
Most predicates are only observed to have one or two corresponding senses, making the
set of available senses at test time quite small (less than five senses/predicate on average
across all languages). If a particular lemma was not observed in training, we heuristically
predict it as the first sense of that predicate. For Czech and Japanese, the predicate sense
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annotation is simply the lemmatized token of the predicate, giving a one-to-one predicate-
“sense” mapping.

For argument labeling, every token in the sentence is assigned one of the argument
labels, or NULL if the model predicts it is not an argument to the indicated predicate.

2.3.1 Monolingual Baseline

We use pretrained word embeddings as input to the model. For each of the shared task
languages, we produced GloVe vectors (Pennington et al., 2014) from the news, web, and
Wikipedia text of the Leipzig Corpora Collection (Goldhahn et al., 2012).! We trained 300~
dimensional vectors, then reduced them to 100 dimensions with principal component anal-
ysis for efficiency.

Simple Polyglot Sharing In the first polyglot variant, we consider multilingual sharing
between each language and English by using pretrained multilingual embeddings. This
polyglot model is trained on the union of annotations in the two languages. We use strat-
ified sampling to give the two datasets equal effective weight in training, and we ensure
that every training instance is seen at least once per epoch.

2.3.2  Pretrained multilingual embeddings.

The basis of our polyglot training is the use of pretrained multilingual word vectors,
which allow representing entirely distinct vocabularies (such as the tokens of different
languages) in a shared representation space, allowing crosslingual learning (Klementiev
et al., 2012). We produced multilingual embeddings from the monolingual embeddings
using the method of Ammar et al. (2016b): for each non-English language, a small crosslin-
gual dictionary and canonical correlation analysis was used to find a transformation of the
non-English vectors into the English vector space (Faruqui and Dyer, 2014).

Unlike multilingual word representations, argument label sets are disjoint between lan-
guage pairs, and correspondences are not clearly defined. Hence, we use separate label
representations for each language’s labels. Similarly, while (for example) ENG:look and
SPA:mirar may be semantically connected, the senses 1ook.01 and mirar.01l may not
correspond. For this reason, we also use language-specific predicate sense representations.

2.3.3 Language Identification

In the second variant, we concatenate a language ID vector to each multilingual word
embedding and predicate indicator feature in the input representation. This vector is ran-

For English we used the vectors provided on the GloVe website nlp.stanford.edu/projects/
glove/.


nlp.stanford.edu/projects/glove/
nlp.stanford.edu/projects/glove/
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domly initialized and updated in training. These additional parameters provide a small
degree of language-specificity in the model, while still sharing most parameters.

2.3.4 Language-Specific LSTMs

This third variant takes inspiration from the “frustratingly easy” architecture of Daume III
(2007) for domain adaptation. In addition to processing every example with a shared biL-
STM as in previous models, we add language-specific biLSTMs that are trained only on
the examples belonging to one language. Each of these language-specific biLSTMs is two
layers deep, and is combined with the shared biSLTM in the input to the third layer. This
adds a greater degree of language-specific processing while still sharing representations
across languages. It also uses the language identification vector and multilingual word
vectors in the input.

2.4 Experiments

We present our results in Table 2.2. We observe that simple polyglot training improves
over monolingual training, with the exception of Czech, where we observe no change in
performance. The languages with the fewest training examples (German, Japanese, Cata-
lan) show the most improvement, while large-dataset languages such as Czech or Chinese
see little or no improvement (Figure 2.2).

The language ID model performs inconsistently; it is better than the simple polyglot
model in some cases, including Czech, but not in all. The language-specific LSTMs model
performs best on a few languages, such as Catalan and Chinese, but worst on others. While
these results may reflect differences between languages in the optimal amount of crosslin-
gual sharing, we focus on the simple polyglot results in our analysis, which sufficiently
demonstrate that polyglot training can improve performance over monolingual training.

We also report performance of state-of-the-art systems in each of these languages, all of
which make explicit use of syntactic features, Marcheggiani et al. (2017) excepted. While
this results in better performance on many languages, our model has the advantage of
not relying on a syntactic parser, and is hence more applicable to languages with lower
resources. However, the results suggest that syntactic information is critical for strong per-
formance on German, which has the fewest predicates and thus the least semantic annota-
tion for a semantics-only model to learn from. Nevertheless, our baseline is on par with the
best published scores for Chinese, and it shows strong performance on most languages.

2.4.1 Label-wise results.

Table 2.3 gives the F; scores for individual label categories in the Catalan and Spanish
datasets, as an illustration of the larger trend. In both languages, we find a small but con-
sistent improvement in the most common label categories (e.g., arg; and argy;). Less com-
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Figure 2.2: Improvement in absolute F; with polyglot training with addition of English.
Languages are sorted in order of increasing number of predicates in the training set.

Model | CAT CES DEU ENG JPN SPA ZHO
Marcheggiani et al. (2017) - 86.00 - 87.60 - 8030 81.20
Best previously reported 80.32 86.00 80.10 89.10 78.15 80.50 81.20
Monolingual 7731 84.87 6671 86.54 7499 7598 81.26
+ ENG(simple polyglot) 79.08 84.82 69.97 - 76.00 76.45 81.50
+ ENG(language ID) 79.05 85.14 69.49 - 7577 7732 8142
+ ENG(language-specific LSTMs) | 79.45 84.78 68.30 - 7588 76.86 81.89

Table 2.2: Semantic F; scores (including predicate sense disambiguation) on the CoNLL
2009 dataset. State of the art for Catalan and Japanese is from Zhao et al. (2009), for German
and Spanish from Roth and Lapata (2016), for English and Chinese from Marcheggiani and
Titov (2017). Italics indicate use of syntax.

| argy arg, arg; args arg, arg, argy

Gold label count (CAT) | 2117 4296 1713 61 71 49 2968
Monolingual CAT F} 82.06 79.06 6895 28.89 4242 39.51 60.85
+ ENG improvement +2.75 +2.58 +4.53 +18.17 +981 +1.35 +1.10

Gold label count (spA) | 2438 4295 1677 49 82 46 3237
Monolingual SPA Fy 8244 7793 70.24 28.89 41.15 2250 58.89
+ ENG improvement +0.37 +0.43 +1.35 -340 -348 +4.01 +1.26

Table 2.3: Per-label breakdown of F; scores for Catalan and Spanish. These numbers
reflect labels for each argument; the combination is different from the overall semantic 7,
which includes predicate sense disambiguation.

mon label categories are sensitive to small changes in performance; they have the largest
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ENG-only +CAT +CES +DEU +JPN +SPA +ZHO
86.54 86.79 87.07 87.07 87.11 87.24 87.10

Table 2.4: Semantic F scores on the English test set for each language pair.

changes in F} in absolute value, but without a consistent direction. This could be attributed
to the addition of English data, which improves learning of representations that are useful
for the most common labels, but is essentially a random perturbation for the rarer ones.
This pattern is seen across languages, and consistently results in overall gains from poly-
glot training.

One exception is in Czech, where polyglot training reduces accuracy on several com-
mon argument labels, e.g., PAT and LOC. While the effect sizes are small (consistent with
other languages), the overall F; score on Czech decreases slightly in the polyglot condi-
tion. It may be that the Czech dataset is too large to make use of the comparatively small
amount of English data, or that differences in the annotation schemes prevent effective
crosslingual transfer.

Future work on language pairs that do not include English could provide further in-
sights. Catalan and Spanish, for example, are closely related and use the same argument
label set (both being drawn from the AnCora corpus) which would allow for sharing out-
put representations as well as input tokens and parameters.

Polyglot English results. For each language pair, we also evaluated the simple polyglot
model on the English test set from the CoNLL 2009 shared task (Table 2.4). English SRL
consistently benefits from polyglot training, with an increase of 0.25-0.7 absolute F; points,
depending on the language. Surprisingly, Czech provides the smallest improvement, de-
spite the large amount of data added; the absence of crosslingual transfer in both directions
for the English-Czech case, breaking the pattern seen in other languages, could therefore
be due to differences in annotation rather than questions of dataset size.

Labeled vs. unlabeled F;. Table 2.5 provides unlabeled F; scores for each language pair.
As can be seen here, the unlabeled F; improvements are generally positive but small, in-
dicating that polyglot training can help both in structure prediction and labeling of argu-
ments. The pattern of seeing the largest improvements on the languages with the smallest
datasets generally holds here: the largest F; gains are in German and Catalan, followed by
Japanese, with minimal or no improvement elsewhere.
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Model | CAT CES DEU ENG JPN SPA ZHO
Monolingual 9392 9192 8795 9287 8555 93.61 87.93
+ ENG 94.09 9197 89.01 - 86.17 93.65 87.90

Table 2.5: Unlabeled semantic I} scores on the CoNLL 2009 dataset.

2.5 Related Work

The shift to neural architectures has led to significant improvements in SRL, though the
pre-neural approach of Zhao et al. (2009), who used syntactic parsers to provide features to
their SRL system, remained (in 2017) the best reported result on the Catalan and Japanese
portions of CONLL 2009. Swayamdipta et al. (2016) present a transition-based stack LSTM
model that predicts syntax and semantics jointly, as a remedy to the reliance on pipelined
models. Guo et al. (2016a) and Roth and Lapata (2016) use deep biLSTM architectures
which use syntactic information to guide the composition. Marcheggiani et al. (2017) use
a simple LSTM model over word tokens to tag semantic dependencies, like our model.
Their model predicts a token’s label based on the combination of the token vector and the
predicate vector, and saw benefits from using POS tags, both improvements that could be
added to our model. Marcheggiani and Titov (2017) apply graph convolutional networks
to SRL, obtaining state of the art results on English and Chinese. All of these approaches
are orthogonal to ours, and might benefit from polyglot training.

Other multilingual models have been proposed for semantics. Richardson et al. (2018)
train on multiple (natural language)-(programming language) pairs to improve a model
that translates API text into code signature representations. Duong et al. (2017) treat En-
glish and German semantic parsing as a multi-task learning problem and saw improve-
ment over monolingual baselines, especially for small datasets. Most relevant to our work
is Johannsen et al. (2015), which trains a polyglot model for frame-semantic parsing. In
addition to sharing features with multilingual word vectors, they use them to find word
translations of target language words for additional lexical features.

2.6 Summary

In this chapter, we described a straightforward method for multilingual training for pre-
dicting semantic dependency structures: use multilingual word vectors to represent text
from multiple languages in a shared embedding space, and combine supervised train-
ing data across languages. This allows sharing without crosslingual alignment of labels,
shared annotation, or parallel training data. As our multilingual embeddings were pro-
duced by alignment of monolingual embeddings (Faruqui and Dyer, 2014), our method
does not even depend on the existence of parallel text corpora.
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The ability of the polyglot SRL model to learn shared linguistic information that is
applicable to multiple annotation systems is conceptually similar to prior and concur-
rent work on multitask learning (Swayamdipta et al., 2018; Peng et al., 2018) and to the
pretraining-finetuning paradigm, in which an unsupervised objective is used to learn lin-
guistic information that can then be applied to a variety of tasks (Devlin et al., 2019). Future
work could explore the ability of polyglot models to automatically identify similarities in
existing annotation systems for structured prediction tasks, perhaps informing the devel-
opment of new annotation schemes.

This chapter is the first application of a polyglot model for this task, and we showed
that such a model can outperform a monolingual one for semantic analysis, particularly
for languages with less data. In the following chapter, we will see how this approach can
be applied to the unsupervised task of language modeling.
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Chapter 3
CONTEXTUALIZED REPRESENTATIONS

This chapter discusses work originally published in Mulcaire et al. (2019b) (Sections 3.1 - 3.6)
and Mulcaire et al. (2019a) (Sections 3.1, 3.7 and 3.8), in collaboration with Jungo Kasai and Noah
Smith.

3.1 Introduction

While the previous chapter described a structured prediction model that made use of word
vectors, contextual word representations (CWR) extracted from language models (LMs)
have advanced the state of the art beyond what was achieved with non-contextual word
representations on many monolingual NLP tasks (Peters et al., 2018). In this chapter, we
investigate polyglot language modeling and show that contextual word representations
can also be made multilingual, to the benefit of downstream tasks.

We introduce a method to produce multilingual CWR by training a single “polyglot”
language model on text in multiple languages. As our work is a multilingual extension of
ELMo (Peters et al., 2018), we call it Rosita (after a bilingual character from Sesame Street).
Our hypothesis is that, although each language is unique, different languages manifest
similar characteristics (e.g., morphological, lexical, syntactic) which can be exploited by
training a single language model with text from multiple languages. Previous work has
shown this to be true to some degree in the context of structured prediction tasks such as
semantic role labeling (Chapter 2), syntactic dependency parsing (Ammar et al., 2016a),
and named entity recognition (Xie et al., 2018), as well as language modeling for phonetic
sequences (Tsvetkov et al., 2016) and for speech recognition (Ragni et al., 2016). de Lhoneux
etal. (2018), however, found that while parameter sharing between languages can improve
performance in dependency parsing, the effect is variable, depending on the language pair
and the parameter sharing strategy. Other prior work also reported that in some cases
concatenating data from different languages can hurt performance in dependency parsing
(Che et al., 2018). These mixed results suggest that while crosslingual transfer in neural
network models is a promising direction, the best blend of polyglot and language-specific
elements may depend on the task and architecture. We find, however, that contextual
representations from polyglot language models succeed in a range of settings, even where
multilingual word type embeddings do not, and are a useful technique for crosslingual
transfer, producing state-of-the-art results in multiple tasks.

We explore crosslingual transfer between highly dissimilar languages for language
modeling and for three downstream tasks: Universal Dependency (UD) parsing, semantic
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role labeling (SRL), and named entity recognition (NER). We also experiment with a wider
range of languages, including transfer between phylogenetically related languages, on UD
parsing only. This is some of the first work using polyglot LMs to produce contextual rep-
resentations,! and the first analysis comparing them to monolingual LMs for this purpose.
Our experiments focus on comparisons in three dimensions: monolingual vs. polyglot rep-
resentations, contextual vs. word type embeddings, and, within the contextual representa-
tion paradigm, purely character-based language models vs. ones that include word-level
input.

Previous work has shown that contextual representations offer a significant advantage
over traditional word embeddings (word type representations). In this chapter, we show
that, on these tasks, polyglot character-based language models can provide additional
benefits on top of those offered by contextualization. Specifically, even when crosslin-
gual transfer with word type embeddings hurts target language performance relative to
monolingual models, polyglot contextual representations can improve target language per-
formance relative to monolingual versions, suggesting that polyglot language models tie
dissimilar languages in an effective way.

3.2 Polyglot Language Models

We first describe the language models we use for multilingual (and monolingual) CWR.

3.2.1 Pretraining Data and Preprocessing

Because the Universal Dependencies treebanks we use for the parsing task predominantly
use Traditional Chinese characters and the Ontonotes data for SRL and NER consist of
Simplified Chinese, we train separate language models for the two variants. For English
we use text from the Billion Word Benchmark (Chelba et al., 2013), for Traditional Chi-
nese, wiki and web data provided for the CoNLL 2017 Shared Task (Ginter et al., 2017),
for Simplified Chinese, newswire text from Xinhua,? and for Arabic, newswire text from
AFP3 We use approximately 60 million tokens of news and web text for each language.
We tokenized the language model training data for English and Simplified Chinese using
Stanford CoreNLP (Manning et al., 2014). The Traditional Chinese corpus was already pre-
segmented by UDPipe (Ginter et al., 2017; Straka et al., 2016). We found that the Arabic
vocabulary from AFP matched both the UD and Ontonotes data reasonably well without
additional tokenization. We also processed all corpora to normalize punctuation and re-
move non-text.

!Contemporaneous work used polyglot LMs for natural language inference and machine translation (Lam-
ple and Conneau, 2019).

2catalog. ldc.upenn.edu/LDC95T13

3catalog. ldc.upenn.edu/LDC2001T55


catalog.ldc.upenn.edu/LDC95T13
catalog.ldc.upenn.edu/LDC2001T55

18

3.2.2 Training

We base our language models on the ELMo method (Peters et al., 2018), which encodes
each word with a character CNN, then processes the word in context with a word-level
LSTM.* Following Che et al. (2018), who used 20 million words per language to train
monolingual language models for many languages, we use the same hyperparameters
used to train the monolingual English language model from Peters et al. (2018), except
that we reduce the internal LSTM dimension from 4096 to 2048. For each target language
dataset (Traditional Chinese, Simplified Chinese, and Arabic), we produce:

¢ a monolingual language model with character CNN (MONOCHAR) trained on that
language’s data;

¢ a polyglot LM (ROSITACHAR) trained with the same code, on that language’s data
with an additional, equal amount of English data;

¢ a modified polyglot LM (ROSITAWORD), described below.

The ROSITAWORD model concatenates a 300 dimensional word type embedding, ini-
tialized with multilingual word embeddings, to the character CNN encoding of the word,
before passing this combined vector to the bidirectional LSTM. The idea of this word-level
initialization is to bias the model toward crosslingual sharing; because words with similar
meanings have similar representations, the features that the model learns are expected to
be at least partially language-agnostic. The word type embeddings used for these models,
as well as elsewhere in this work, are trained on our language model training set using the
fastText method (Bojanowski et al., 2017), and target language vectors are aligned with the
English ones using supervised MUSE® (Conneau et al., 2018). See appendix for more LM
training details.

3.3 Experimental setup

All of our task models (UD, SRL, and NER) are implemented in AllenNLP, version 0.7.2
(Gardner et al., 2018).° We generally follow the default hyperparameters and training
schemes provided in the AllenNLP library regardless of language. See appendix for the

‘A possible alternative is BERT (Devlin et al., 2019), which uses a bidirectional objective and a transformer
architecture in place of the LSTM. Notably, one of the provided BERT models was trained on several lan-
guages in combination, in a simple polyglot approach (see https://github.com/google-research/
bert/blob/master/multilingual.md). Our initial exploration of multilingual BERT models raised
sufficient questions about preprocessing that we defer comparison to future work.

°For our English/Chinese and English/Arabic data, their unsupervised method yielded substantially
worse results in word translation.

5We make our multilingual fork available at ht tps://github.com/pmulcaire/rosita
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vectors (lang.)

‘ task lang. ‘ UD LAS ‘ SRL Fy ‘ NER F;

fastText (CMN) CMN 85.1540.12 | 69.79 76.31
fastText (CMN+ENG) CMN+ENG | 84921995 | 70.82 76.05
MONOCHAR (CMN) CMN 87554095 | 74.14 78.18
ROSITACHAR (CMN+ENG) | CMN 87164008 | 74.24 78.29
ROSITACHAR (CMN+ENG) | CMN+ENG | 87.75410.16 | 74.69 77.68
ROSITAWORD (CMN+ENG) | CMN 86.504+017 | 74.84 77.19
ROSITAWORD (CMN+ENG) | CMN+ENG | 86.371935 | 74.69 77.16
Best prior work CMN - 62.83 75.63
fastText (ARA) ARA 82.584051 | 50.50 71.60
fastText (ARA+ENG) ARA+ENG | 82.671046 | 54.82 71.45
MONOCHAR (ARA) ARA 84.984018 | 59.55 75.02
ROSITACHAR (ARA+ENG) | ARA 84.98.9.12 | 58.69 75.56
ROSITACHAR (ARA+ENG) | ARA+ENG | 85.24.(13 | 59.29 76.19
ROSITAWORD (ARA+ENG) | ARA 84.34 1999 | 58.34 74.02
ROSITAWORD (ARA+ENG) | ARA+ENG | 84.24.013 | 59.47 72.79
Best prior work ARA - 48.68 68.02
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Table 3.1: LAS for UD parsing, F for SRL, and F; for NER, with different input representa-
tions. For UD, each number is an average over five runs with different initialization, with
standard deviation. SRL/NER results are from one run. The “task lang.” column indicates
whether the UD/SRL/NER model was trained on annotated text in the target language
alone, or a blend of English and the target language data. ROSITAWORD LMs use as word-
level input the same multilingual word vectors as fastText models. The best prior result for
Ontonotes Chinese NER is in Shen et al. (2018); the others are from Pradhan et al. (2013).
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complete list of our hyperparameters. For each task, we experiment with five types of
word representations: in addition to the three language model types (MONOCHAR, ROSI-
TACHAR, and ROSITAWORD) described above, we show results for the task models trained
with monolingual and polyglot non-contextual word embeddings.

After pretraining, the word representations are fine-tuned to the specific task during
task training. In non-contextual cases, we fine-tune by updating word embeddings di-
rectly, while in contextual cases, we only update coefficients for a linear combination of
the internal representation layers for efficiency (Peters et al., 2018). In order to properly
evaluate our models’ generalization ability, we ensure that sentences in the test data are
excluded from the data used to train the language models.

3.4 Universal Dependencies parsing

We use a state-of-the-art graph-based dependency parser with BILSTM and biaffine atten-
tion (Dozat and Manning, 2017). Specifically, the parser takes as input word representa-
tions and 100-dimensional fine-grained POS embeddings following Dozat and Manning
(2017). We use the same version (2.2) of the Universal Dependencies treebanks and the
same train/dev./test splits as the CoNLL 2018 shared task on multilingual dependency
parsing (Zeman et al., 2018). Specifically, we use the GUM treebank for English,” GSD for
Chinese, and PADT for Arabic. For training and validation, we use the provided gold POS
tags and word segmentation.

For each configuration, we run experiments five times with random initializations and
report the mean and standard deviation. For testing, we use the CoNLL 2018 evaluation
script and consider two scenarios: (1) gold POS tags and word segmentations and (2) pre-
dicted POS tags and word segmentations from the system outputs of Che et al. (2018) and
Qi et al. (2018).% The former scenario enables us to purely assess parsing performance; see
column 3 in Table 3.1 for these results on Chinese and Arabic. The latter allows for a direct
comparison to the best previously reported parsers (Chinese, Che et al., 2018; Arabic, Qi
et al., 2018). See Table 3.2 for these results.

As seen in Table 3.1, the Universal Dependencies results generally show a significant
improvement from the use of CWR. The best results for both languages come from the
ROSITACHAR LM and polyglot task models, showing that polyglot training helps, but
that the word-embedding initialization of the ROSITAWORD model does not necessarily
lead to a better final model. The results also suggest that combining ROSITACHAR LM
and polyglot task training is key to improve parsing performance. Table 3.2 shows that we
outperform the state-of-the-art systems from the shared task competition. In particular, our

"While there are several UD English corpora, we choose the GUM corpus to minimize domain mismatch.

8System outputs for all systems are available at https://lindat.mff.cuni.cz/repository/
xmlui/handle/11234/1-2885
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LM type ‘ task lang. ‘ LAS
Harbin (Che et al., 2018) | CMN 76.77
Harbin (non-ensemble) | CMN 75.55
ROSITACHAR CMN 77.40
ROSITACHAR CMN+ENG | 77.63
Stanford (Qi et al., 2018) | ARA 77.06
ROSITACHAR ARA 77.79
ROSITACHAR ARA+ENG | 78.02

Table 3.2: LAS (F}) comparison to the winning systems for each language in the CoNLL
2018 shared task for UD. We use predicted POS and the segmentation of the winning sys-
tem for that language. The ROSITACHAR LM variant was selected based on development
performance in the gold-segmentation condition.

LMs even outperform the Harbin system, which uses monolingual CWR and an ensemble
of three biaffine parsers.

3.5 Semantic role labeling

We use a strong existing model based on BIO tagging on top of a deep interleaving BILSTM
with highway connections (He et al., 2017). The SRL model takes as input word represen-
tations and 100-dimensional predicate indicator embeddings following He et al. (2017). In
this chapter, we use a PropBank-style, span-based SRL dataset for English, Chinese, and
Arabic: Ontonotes (Pradhan et al., 2013). Note that unlike the dependency-based CoNLL
2009 dataset used in Chapter 2, Ontonotes provides annotations using a single shared an-
notation scheme for English, Chinese, and Arabic, which can facilitate crosslingual trans-
fer; this allows us to focus on the effect of the CWRs rather than the annotation scheme. For
Chinese and English we simply use the provided surface form of the words. The Arabic
text in Ontonotes has diacritics to indicate vocalization which do not appear (or only in-
frequently) in the original source or in our language modeling data. We remove these for
better consistency with the language model vocabulary. We use gold predicates and the
CoNLL 2005 evaluation script for the experiments below to ensure our results are compa-
rable to prior work. See column 4 in Table 3.1 for results on the CoNLL-2012 Chinese and
Arabic test sets.

The SRL results confirm the advantage of CWR. Unlike the other two tasks, multilin-
gual word type embeddings are better than monolingual versions in SRL. Perhaps relat-
edly, models using ROSITAWORD are more successful here, providing the highest perfor-
mance on Chinese. One unusual result is that the model using the MONOCHAR LM is
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most successful for Arabic. This may be linked to the poor results on Arabic SRL overall,
which are likely due to the much smaller size of the corpus compared to Chinese (less than
20% as many annotated predicates) and higher proportion of language-specific tags. Such
language-specific tags in Arabic could limit the effectiveness of shared English-Arabic rep-
resentations. Still, polyglot methods” performance is only slightly behind.

3.6 Named entity recognition

We use the state-of-the-art BILSTM-CRF NER model with the BIO tagging scheme (Pe-
ters et al., 2017). The network takes as input word representations and 128-dimensional
character-level embeddings from a character LSTM. We again use the Ontonotes dataset
with the standard data splits. See the last column in Table 3.1 for results on the CoNLL-
2012 Chinese and Arabic test sets. As with most other experiments, the NER results show
a strong advantage from the use of contextual representations and a smaller additional
advantage from those produced by polyglot LMs.

3.7 Comparing joint crosslingual training to post-hoc alignment

Other work has extended contextual word representations (CWRs) multilingually by align-
ing multiple monolingual language models crosslingually (retrofitting approach; Schuster
etal., 2019; Aldarmaki and Diab, 2019). In this section, we compare this method to the joint
crosslingual training method described in Section 3.2 using the same LM training data, and
discover that the joint training approach generally yields better performance on the down-
stream task of low-resource dependency parsing, even without crosslingual supervision.
We also apply multilingual CWRs produced by the joint training approach to a more di-
verse set of languages, and show that while it is still effective in transfer between distant
languages, phylogenetically related source languages are generally more helpful.

Retrofitted contextualized word representations Following Schuster et al. (2019), we
first train a bidirectional LM with two-layer LSTMs on top of character CNNs for each lan-
guage (ELMo, Peters et al., 2018), and then align the monolingual LMs across languages.
Denote the hidden state in the jth layer for word i in context c by h"”). We use a trainable
weighted average of the three layers (character-CNN and two LSTM layers) to compute

1,C

the contextual representation e; . for the word: e; . = Z?:o Aj hf]c) (Peters et al., 2018).° In

the first step, we compute an “anchor” hz(.j ) for each word by averaging hl(c) over all occur-

rences in an LM corpus. We then apply a standard dictionary-based technique! to create

Schuster et al. (2019) only used the first LSTM layer, but we found a performance benefit from using all
layers in preliminary results.

%Conneau et al. (2018) developed an unsupervised alignment technique that does not require a dictionary.
We found that their unsupervised alignment yielded substantially degraded performance in downstream
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multilingual word embeddings (Mikolov et al., 2013; Conneau et al., 2018). In particular,
suppose that we have a word-translation dictionary from source language s to target lan-
guage t. Let HY ), ng ) be matrices whose columns are the anchors in the jth layer for the
source and corresponding target words in the dictionary. For each layer j, find the linear

transformation W*() such that

W*U) = argmin |[WH{) — ng)HF
w

The linear transformations are then used to map the LM hidden states for the source
language to the target LM space. Specifically, contextual representations for the source and
target languages are computed by Z?:o A WHU )hfjc) and Z?:o Aj hgjc) respectively. We use
publicly available dictionaries from Conneau et al. (2018)!! and align all languages to the

English LM space, again following Schuster et al. (2019).

Refinement after Joint Training It is possible to combine retrofitting with joint crosslin-
gual training; the alignment procedure used in the retrofitting approach can serve as a
refinement step on top of an already-polyglot language model. We will see only a limited
gain in parsing performance from this refinement in our experiments, suggesting that poly-
glot LMs are already producing high-quality multilingual CWRs even without crosslingual
dictionary supervision.

FastText Baseline We also compare the multilingual CWRs to a subword-based, non-
contextual word embedding baseline. We train 300-dimensional word vectors on the same
LM data using the fastText method (Bojanowski et al., 2017), and use the same bilingual
dictionaries to align them (Conneau et al., 2018).

3.7.1 Dependency Parsers

As in Section 3.4, we train polyglot parsers for multiple languages on top of multilingual
CWRs. All parser parameters are shared between the source and target languages. Prior
work (Ammar et al., 2016a) suggest that sharing parameters between languages can al-
leviate the low-resource problem in syntactic parsing, but their experiments are limited
to (relatively similar) European languages. Here we explore a wider range of languages,
and analyze the particular efficacy of a crosslingual approach to dependency parsing in a
low-resource setting.

We use the same dependency parser as in Section 3.4 (Dozat and Manning, 2017), which
is also used in Schuster et al. (2019). Note that in these experiments, we use only word rep-
resentations as input. Universal parts of speech have been shown useful for low-resource

parsing in line with the findings of Schuster et al. (2019).

Uhttps://github.com/facebookresearch/MUSE#ground-truth-bilingual-dictionaries
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dependency parsing (Duong et al., 2015; Ammar et al., 2016a; Ahmad et al., 2019), but
many realistic low-resource scenarios lack reliable part-of-speech taggers; here, we do
not use parts of speech as input, and thus avoid the error-prone part-of-speech tagging
pipeline. For the fastText baseline, word embeddings are not updated during training, to
preserve crosslingual alignment (Ammar et al., 2016a).

3.7.2  Zero-Target Dependency Parsing

Following prior work on low-resource dependency parsing and crosslingual transfer (Zhang
and Barzilay, 2015; Guo et al., 2015; Ammar et al., 2016a; Schuster et al., 2019), we conduct
multi-source experiments on six languages (German, Spanish, French, Italian, Portuguese,
and Swedish) from Google universal dependency treebank version 2.0 (McDonald et al.,
2013).12 We train language models on the six languages and English to produce multi-
lingual CWRs. For each tested language, we train a polyglot parser with the multilingual
CWRs on the five other languages and English, and apply the parser to the test data for the
target language. Importantly, the parsing annotation scheme is shared among the seven
languages. Our results will show that the joint training approach for CWRs substantially
outperforms the retrofitting approach.

3.7.3 Diverse Low-Resource Parsing

The previous experiment compares the joint training and retrofitting approaches in low-
resource dependency parsing only for relatively similar languages. In order to study the
effectiveness more extensively, we apply it to a more typologically diverse set of languages.
We use five pairs of languages for “low-resource simulations,” in which we reduce the size
of a large treebank, and four languages for “true low-resource experiments,” where only
small UD treebanks are available, allowing us to compare to other work in the low-resource
condition (Table 3.3). Following de Lhoneux et al. (2018), we selected these language pairs
to represent linguistic diversity. For each target language, we produce multilingual CWRs
by training a polyglot language model with its related language (e.g., Arabic and Hebrew)
as well as English (e.g., Arabic and English). We then train a polyglot dependency parser
on each language pair and assess the crosslingual transfer in terms of target parsing accu-
racy.

Each pair of related languages shares features like word order, morphology, or script.
For example, Arabic and Hebrew are similar in their rich transfixing morphology (de Lhoneux
et al., 2018), and Dutch and German share most of their word order features. We chose Chi-
nese and Japanese as an example of a language pair which does not share a language family
but does share characters.

Phttp://github.com/ryanmcd/uni-dep-tb
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Lang | Code Genus WALS 81A | Size
English ‘ ENG  Germanic SVO ‘ -
Arabic ARA  Semitic VSO/SVO 5041
Hebrew HEB  Semitic SVO

Croatian HRV  Slavic SVO 6983
Russian RUS  Slavic SVO

Dutch NLD  Germanic SOV/SVO 12269
German DEU  Germanic SOV/SVO

Spanish SPA Romance SVO 12543
Italian ITA Romance SVO

Chinese CMN  Chinese SVO 3997
Japanese JPN  Japanese SOV

Hungarian | HUN  Ugric SOV/SVO 910
Finnish FIN Finnic SVO 12217
Vietnamese | VIE Viet-Muong SVO 1400
Uyghur UIG  Turkic SOV 1656
Kazakh KAz  Turkic SOV 31
Turkish TUR  Turkic SOV 3685

Table 3.3: List of the languages used in our UD v2.2 experiments. Each shaded /unshaded
section corresponds to a pair of “related” languages. WALS 81A denotes Feature 81A in
WALS, Order of Subject, Object, and Verb (Dryer and Haspelmath, 2013) except in the
case of Kazakh, for which this feature is not present in WALS; we list it as SOV based on
Muhamedowa (2015). “Size” represents the downsampled size in # of sentences used for
source treebanks. The four languages in bold face are truly low resource languages (< 2000
trees).

We chose Hungarian, Vietnamese, Uyghur, and Kazakh as true low-resource target lan-
guages because they had comparatively small amounts of annotated text in the UD cor-
pus (Vietnamese: 1,400 sentences, 20,285 tokens; Hungarian: 910 sentences, 20,166 tokens;
Uyghur: 1,656 sentences, 19,262 tokens; Kazakh: 31 sentences, 529 tokens;), yet had conve-
nient sources of text for LM pretraining (Zeman et al., 2018).!* Other small treebanks exist,
but in most cases another larger treebank exists for the same language, making domain
adaptation a more likely option than crosslingual transfer. Also, recent work (Che et al.,
2018) using contextual embeddings was top-ranked for most of these languages in the
CoNLL 2018 shared task on UD parsing (Zeman et al., 2018).!4 Future work could explore
an even more low-resource scenario in which both syntactic annotation and high-quality

3The one exception is Uyghur where we only have 3M words in the raw LM data from Zeman et al. (2018).

In Kazakh, Che et al. (2018) did not use CWRs due to the extremely small treebank size.
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Model DEU SPA FRA ITA POR SWE AVG
Schuster et al. (2019) (retrofit) 614 775 770 77.6 739 71.0 731
Schuster et al. (2019) (retrofit -dict.) 61.7 76.6 763 771 691 542 69.2
fastText + Alignment 452 685 628 589 61.1 504 578
ELMos + Alignment (retrofit) 573 754 737 716 751 742 712
Rosita (joint train, no dict.) 580 818 756 748 771 762 739
Rosita + Refinement (joint train+retrofit) | 61.7 79.7 758 76.0 76.8 76.7 74.5

Table 3.4: Zero-target results in LAS. Results reported in prior work (above the line) use
an unknown amount of LM training data; all models below the line are limited to approx-
imately 50M words per language.

text for LM pretraining are limited.

For these experiments, we again use the treebank version and splits from the CoNLL
2018 shared task (Zeman et al., 2018).1> The UD annotation scheme is shared across lan-
guages, which facilitates crosslingual transfer. For each triple of two related languages and
English, we downsample training and development data to match the language with the
smallest treebank size. This allows for fairer comparisons because within each triple, the
source language for any parser will have the same amount of training data. We further
downsample sentences from the target train/development data to simulate low-resource
scenarios. The ratio of training and development data is kept 5:1 throughout the simula-
tions, and we denote the number of sentences in training data by |D;|. For testing, we use
the CoNLL 2018 script on the gold word segmentations. For the truly low-resource lan-
guages, we also present results with word segmentations from the system outputs of Che
et al. (2018) (HUN, VIE, UIG) and Smith et al. (2018) (KAZ) for a direct comparison to those
languages’ best previously reported parsers.'®

3.8 Results and discussion

In this section we describe the results of the various parsing experiments from the previous
section.
3.8.1 Zero-Target Parsing

Table 3.4 shows results on zero-target dependency parsing. First, we see that all CWRs
greatly improve upon the fastText baseline. The joint training approach (Rosita), which

1>See Appendix A for a list of UD treebanks used for each language.

System outputs for all shared task systems are available at https://lindat.mff.cuni.cz/
repository/xmlui/handle/11234/1-2885
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Model DEU SPA FRA ITA POR SWE AVG
Zhang and Barzilay (2015) 541 683 688 694 725 625 659
Guo et al. (2016b) 559 731 710 712 786 695 69.9
Ammar et al. (2016a) 571 746 739 725 770 68.1 70.5
Schuster et al. (2019) (retrofit) 652 80.0 80.8 79.8 827 754 773
Schuster et al. (2019) (retrofit -dict.) 64.1 778 798 79.7 791 696 750
Rosita (joint train, no dict.) 63.6 834 789 778 83.0 79.6 77.7
Rosita + Refinement (joint train+retrofit) | 64.8 82.1 787 788 841 79.1 77.9

Table 3.5: Zero-target results in LAS with gold UPOS.

uses no dictionaries, consistently outperforms the dictionary-dependent retrofitting ap-
proach (ELMos+Alignment). As discussed in the previous section, we can apply the align-
ment method to refine the already-polyglot Rosita using dictionaries. However, we ob-
serve a relatively limited gain in overall performance (74.5 vs. 73.9 LAS points), suggesting
that Rosita (polyglot language model) is already developing useful multilingual CWRs for
parsing without crosslingual supervision. Note that the degraded overall performance of
our ELMo+Alignment compared to Schuster et al. (2019)’s reported results (71.2 vs. 73.1) is
likely due to the significantly reduced amount of LM data we used in all of our experiments
(50M words per language, an order of magnitude reduction from the full Wikipedia dumps
used in Schuster et al. (2019)). Schuster et al. (2019) (no dictionaries) is the same retrofitting
approach as ELMos+Alignment except that the transformation matrices are learned in an
unsupervised fashion without dictionaries (Conneau et al., 2018). The absence of a dic-
tionary yields much worse performance (69.2 vs. 73.1) in contrast with the joint training
approach of Rosita, which also does not use a dictionary (73.9).

We also present results using gold universal part of speech to compare to previous work
in Table 3.5. We again see Rosita’s effectiveness and a marginal benefit from refinement
with dictionaries. It should also be noted that the reported results for French, Italian and
German in Schuster et al. (2019) outperform all results from our controlled comparison;
this may be due to the use of abundant LM training data. Nevertheless, joint training, with
or without refinement, performs best on average in both gold and predicted POS settings.

3.8.2  Diverse Low-Resource Parsing

Low-Resource Simulations Figure 3.1 shows simulated low-resource results.!” Of great-
est interest are the significant improvements over monolingual parsers when adding En-
glish or related-language data. This improvement is consistent across languages and sug-
gests that crosslingual transfer is a viable solution for a wide range of languages, even

17 A table with full details including different size simulations is provided in the appendix.
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Figure 3.1: LAS for UD parsing results in a simulated low-resource setting where the size
of the target language treebank (|D-|) is set to 100 sentences.

—4—mono. (ELMo) —&— +ENG(Rosita) —o— +rel. (Rosita) - » - fastText mono. - ®- fastText+ENG - @- fastText+rel.
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Figure 3.2: Plots of parsing performance vs. target language treebank size for several ex-
ample languages. The size 0 target treebank point indicates a parser trained only on the
source language treebank but with polyglot representations, allowing transfer to the target
test treebank using no target language training trees. See Appendix A for results with zero-
target-treebank and intermediate size data (| D~ | € {0, 100, 500, 1000}) for all languages.



29

when (as in our case) language-specific tuning or annotated resources like parallel cor-
pora or bilingual dictionaries are not available. See Figure 3.2 for a visualization of the
differences in performance with varying training size. The polyglot advantage is minor
when the target language treebank is large, but dramatic in the condition where the target
language has only 100 sentences. The fastText approaches consistently underperform the
language model approaches, but show the same pattern.

In addition, related-language polyglot (“+rel.”) outperforms English polyglot in most
cases in the low-resource condition. The exceptions to this pattern are Italian (whose tree-
bank is of a different genre from the Spanish one), and Japanese and Chinese, which differ
significantly in morphology and word order. The CMN/JPN result suggests that such
typological features influence the degree of crosslingual transfer more than orthographic
properties like shared characters. This result in crosslingual transfer also mirrors the ob-
servation from prior work (Gerz et al., 2018b) that typological features of the language
are predictive of monolingual LM performance. The related-language improvement also
vanishes in the full-data condition (Figure 3.2), implying that the importance of shared
linguistic features can be overcome with sufficient annotated data. It is also noteworthy
that variations in word order, such as the order of adjective and noun, do not affect per-
formance: Italian, Arabic, and others use a noun-adjective order while English uses an
adjective-noun order, but their +ENG and +rel. results are comparable.

The Croatian and Russian results are notable because of their close phylogenetic re-
lation but different scripts. Though Croatian uses the Latin alphabet and Russian uses
Cyrillic, transfer between HRV+RUS is clearly more effective than HRV+ENG (82.00 vs.
79.21 LAS points when |D;| = 100). This suggests that character-based LMs can implic-
itly learn to transliterate between related languages with different scripts, even without
parallel supervision.

Truly Low Resource Languages Finally we present “true low-resource” experiments for
four languages in which little UD data is available (see Section 3.7.3). Table 3.6 shows
these results. Consistent with our simulations, our parsers on top of Rosita (multilingual
CWRs from the joint training approach) substantially outperform the parsers with ELMos
(monolingual CWRs) in all languages, and establish a new state of the art in Hungarian,
Vietnamese, and Kazakh. Consistent with our simulations, we see that training parsers
with the target’s related language is more effective than with the more distant language,
English. It is particularly noteworthy that the Rosita models, which do not use a parallel
corpus or dictionary, dramatically improve over the best previously reported result from
Schuster et al. (2019) when either the related language of Turkish (51.96 vs. 36.98) or even
the more distant language of English (46.03 v.s. 36.98) is used. Schuster et al. (2019) aligned
the monolingual ELMos for Kazakh and Turkish using the KAZ-TURdictionary that Rosa
and Marecek (2018) derived from parallel text. This result further corroborates our finding
that the joint training approach to multilingual CWRs is more effective than retrofitting
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Model \ gold pred.
Hungarian (HUN)

Che et al. (2018) (HUN, ensemble) - 82.66
Che et al. (2018) (HUN) - 80.96
ELMo (HUN) 81.89 81.54
Rosita (HUN+ENG) 85.34 84.89
Rosita (HUN+FIN) 85.40 84.96
Vietnamese (VIE)

Che et al. (2018) (VIE, ensemble) - 55.22
ELMo (VIE) 62.67 55.72
Rosita (VIE+ENG) 63.07 56.42
Uyghur (UIG)

Che et al. (2018) (UIG, ensemble) - 67.05
Che et al. (2018) (UIG) - 66.20
ELMo (UIG) 66.64 63.98
Rosita (UIG+ENG) 67.85 65.55
Rosita (UIG+TUR) 68.08 65.73
Rosa and Marecek (2018) (KAZ+TUR) - 26.31
Smith et al. (2018) (KAZ+TUR) - 31.93
Schuster et al. (2019) (KAZ+TUR) - 36.98
Rosita (KAZ+ENG) 48.02 46.03
Rosita (KAZ+TUR) 53.98 51.96

Table 3.6: LAS (F1) comparison for truly low-resource languages. The gold and pred.
columns show results under gold segmentation and predicted segmentation. The lan-
guages in the parentheses indicate the languages used in parser training.
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Figure 3.3: LAS for UD parsing results in a simulated low-resource setting ((|D-| = 100)
using multilingual BERT embeddings in place of Rosita. Cf. Figure 3.1.

monolingual LMs.

3.8.3 Comparison to Multilingual BERT Embeddings

We also evaluate the diverse low-resource language pairs using pretrained multilingual
BERT (Devlin et al., 2019) as text embeddings (Figure 3.3). Here, the same language model
(multilingual cased BERT,'® covering 104 languages) is used for all parsers, with the only
variation being in the training treebanks provided to each parser. Parsers are trained using
the same hyperparameters and data as in Section 3.7.3.1

There are two critical differences from our previous experiments: multilingual BERT
is trained on much larger amounts of Wikipedia data compared to other LMs used in this
work, and the WordPiece vocabulary (Wu et al., 2016) used in the cased multilingual BERT
model has been shown to have a distribution skewed toward Latin alphabets (Acs, 2019).
These results are thus not directly comparable to those in Figure 3.1; nevertheless, it is
interesting to see that the results obtained with ELMo-like LMs are comparable to and in
some cases better than results using a BERT model trained on over a hundred languages.
Our results broadly fit with those of Pires et al. (2019), who found that multilingual BERT
was useful for zero-shot crosslingual syntactic transfer. In particular, we find nearly no
performance benefit from cross-script transfer using BERT in a language pair (English-
Japanese) for which they reported poor performance in zero-shot transfer, contrary to our

18 Available at ht tps://github.com/google—research/bert/

19 AllenNLP version 0.9.0 was used for these experiments.
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results using Rosita (Section 3.8.2).

3.9 Further related work

In addition to the work mentioned above, much previous work has proposed techniques
to transfer knowledge from a high-resource to a low-resource language for dependency
parsing. Many of these methods use an essentially (either lexicalized or delexicalized)
joint polyglot training setup (e.g., McDonald et al., 2011; Cohen et al., 2011; Duong et al.,
2015; Guo et al., 2016b; Vilares et al., 2016; Falenska and Cetinoglu, 2017 as well as many
of the CoNLL 2017/2018 shared task participants: Lim and Poibeau (2017); Vania et al.
(2017); de Lhoneux et al. (2017); Che et al. (2018); Wan et al. (2018); Smith et al. (2018);
Lim et al. (2018)). Some use typological information to facilitate crosslingual transfer (e.g.,
Naseem et al., 2012; Tackstrom et al., 2013; Zhang and Barzilay, 2015; Wang and Eisner,
2016; Rasooli and Collins, 2017; Ammar et al., 2016a). Others use bitext (Zeman et al., 2018),
manually-specified rules (Naseem et al., 2012), or surface statistics from gold universal
part of speech (Wang and Eisner, 2018a,b) to map the source to target. One advantage
of the joint training method for producing multilingual CWRs examined in this chapter
is that does not rely on such external information about the languages, and instead uses
relatively abundant LM data to learn crosslinguality that abstracts away from typological
divergence.

3.10 Summary

Overall, our results show that polyglot language models produce representations that are
useful for downstream NLP tasks.

While our structured prediction results in Sections 3.4, 3.5, and 3.6 show models using
contextual representations consistently outperform those using word type representations,
the advantage from polyglot training in some cases is minor, while others (Chinese SRL
and Arabic NER) show strong improvement both from contextual word representations
and from polyglot training. Thus, while the benefit of crosslingual transfer appears to be
somewhat variable and task dependent, it is clear that polyglot training is helpful overall
for contextual word representations. Notably, the ROSITACHAR LM does not involve any
direct supervision of tying two languages together, such as bilingual dictionaries or par-
allel corpora, yet is still most often able to learn the most effective representations. One
explanation is that it automatically learns crosslingual connections from unlabeled data
alone. Another possibility, though, which these experiments cannot rule out, is that the
additional data provided in polyglot training simply produces a useful regularization ef-
fect by adding “noise” to the input, improving the target language representations with-
out real crosslingual sharing beyond that induced by shared vocabulary, e.g., borrowings,
numbers, or punctuation.



33

Our parsing results in Section 3.8 illustrate that a joint training approach for polyglot
language models outperforms a retrofitting approach of aligning monolingual language
models. We also see that transfer from related languages may often be preferable to trans-
fer from a more distant language such as English.

These results provide a strong basis for multilingual representation learning and for
further study of crosslingual transfer in a low-resource setting beyond dependency pars-
ing.
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Chapter 4

GROUNDED COMPOSITIONAL OUTPUT EMBEDDINGS

This chapter discusses work originally published in Pappas et al. (2020), in collaboration with
Nikolaos Pappas and Noah Smith.

4.1 Introduction

Language models (LMs) are at the heart of natural language processing, especially fol-
lowing their success in the pretraining paradigm (Dai and Le, 2015; Peters et al., 2018;
Devlin et al., 2019; Radford et al., 2019, inter alia). Continued advances in NLP rely on the
adaptability of LMs to domains beyond their training data and to new domains and tasks,
e.g., through domain adaptive pretraining followed by finetuning (Gururangan et al., 2020).
Here, we focus on an important component of LMs, namely the output vocabulary—over
which a LM’s probability distribution for the “next word,” given the history, ranges—and
investigate the impact of the type of its representation on the adaptability of neural LMs.

Today, LMs are typically trained with a closed output vocabulary derived from the
training data; the vocabulary is not modified when the language model is adapted or de-
ployed. This makes large pretrained language models struggle with rare words, despite
being able to produce contextualized representations for them (Schick and Schiitze, 2020).
More importantly, this means a generative LM can never give nonzero probability to a spe-
cific word it did not see in training. This is a longstanding challenge of language modeling
(Jelinek, 1997), but it becomes especially important when we adapt to new domains, tasks,
or languages.

To address this, we propose a new word-level language model using Grounded Com-
positional outputs (GroC) which applies a compositional representation to the output vo-
cabulary (Section 4.4). Each word’s output embedding is built from its surface character
sequence and (if available) those of semantically related words and a free-text definition of
from WordNet (Fellbaum, 1998). We evaluate GroC on language modeling with both fixed
and open vocabularies in English, and observe that our model has superior perplexity and
is more sample efficient than a variety of existing output embedding approaches, includ-
ing the adaptive embedding of Baevski and Auli (2019). In cross-domain settings it also
outperforms strong interpolated baselines, including the unbounded neural cache model
of Grave et al. (2017a) on “near” domains and performs competitively on “far” domains.
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4.2 Preliminaries on Language Modeling

Language models assign probability to sequences of tokens; the task is usually framed as
learning the conditional probability distributions over individual tokens given their his-
tories of tokens to the left (Bahl et al., 1983). Training requires a sequence of 7' tokens
x = (r1,...,27), each x; a member of a preselected vocabulary V. We let x; € {0, 1}
denote the one-hot encoding of z;. The probability of the sequence « is factored using the
chain rule of probability:

T
p(x) = Hp(l’t | z1, ..., @4—1). 4.1)
t=1

To approximate this joint distribution, researchers have fit parametric families based on
relative frequencies (Bahl et al., 1983; Kneser and Ney, 1995; Goodman, 2001) and neural
networks (Bengio et al., 2003; Mikolov et al., 2010). Here, we focus on the latter due to their
established effectiveness (Merity et al., 2018; Baevski and Auli, 2019). Tokens in this work
correspond to words but they can also correspond to individual characters (Al-Rfou et al.,
2019) or byte pairs (Radford et al., 2019).

4.2.1 Neural Language Models

To make clear this part’s contributions, we describe neural language models by decompos-
ing them into several abstract parts.

In most neural language models, the first layer of computation obtains an input embed-
ding of each history word z; using a lookup function. In our notation, this corresponds to
selecting the word type’s row in a fixed input embedding matrix, E™: x] E™, which we
denote e;'. Importantly, however, input embeddings need not be lookups; for example,
they can be built compositionally from the characters in the surface form of the word (Ling
et al., 2015), an idea central to this work.

Next, the history or “prefix” words x«; = (z1,...,24—1) is encoded into a fixed, d-
dimensional vector h;_; using a prefix function f : V* — RY. f can be a recurrent or feed-
forward network; we will experiment with LSTMs (Hochreiter and Schmidhuber, 1997)
in Section 4.5, but our method is agnostic to the prefix function design. In general, each
history encoding is defined:

h,_; = f(el,...,e" ). (4.2)

x1? ) T Tt—1
Finally, the distribution over the next word (random variable X;) is given by
p(Xy =2 | hy_q) x exp (Em‘tht_l + b) ) (4.3)

where E®* ¢ RVI*4 is the output embedding matrix and b € Rl is the bias vector
(corresponding roughly to unigram log-frequencies of words in the vocabulary).
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The parameters of the model—including all parameters of the prefix function f, E™,
E°“", and b—are all chosen by maximizing the likelihood of the training sequence x. Note
that, though we focus on an autoregressive (left-to-right) language model objective, our
analysis below is applicable to other language model pretraining objectives such as masked
language modeling (Devlin et al., 2019) and replaced token detection (Clark et al., 2020).

4.3 Choice of Output Representations

Above we assumed an output embedding matrix E° that independently parameterizes
each word in the vocabulary with a separate d-dimensional vector. This approach requires
d x |V| parameters, leading to concerns about cost and overparameterization. Prior work
addressed this issue by tying parameters between the input and output embedding ma-
trices (i.e., E°“f = E™; Inan et al., 2017; Press and Wolf, 2017). However, the parameters
for each word are still independent from each other, as displayed in Figure 4.1(a). Updates
for the input and output vector are combined, but still occur only in proportion to the
frequency of that word.

An alternative, also considered here, is to share output parameters across words as
well as with the input embeddings. Specifically, this involves making the output embed-
ding a function of the input embedding using a shared parameterization across words,
E°“ = g(E™), as displayed in Figure 4.1(b). For example, Gulordava et al. (2018) used a
linear transformation, while Baevski and Auli (2019) used a linear transformation for each
frequency bin to dedicate parameters to words proportional to their frequencies. Pappas
and Henderson (2019) used a deep residual transformation as g, demonstrating that shared
parameterizations perform better than independent ones. The two latter studies also pro-
vided evidence that models with shared parameterization are more sample efficient than
independent parameterizations since they perform better on low-frequency words.

Limitations We argue that dependence of a model’s parameterization on the size of the vo-
cabulary leads to several limitations shared by current word-level language models. First,
the output embedding methods above have terms that scale with the vocabulary size, such
as the lookup table for the input embedding or the bias vector, which is a concern for
the parameterization of infrequent words. Second, handling of words unseen in the train-
ing data leads us to the convention of uninformative “out-of-vocabulary” word types or
linguistically naive, data-driven vocabulary transformations that aggressively decompose
words into smaller units (Sennrich et al., 2016).

Finally, when pretrained language models are adapted on a downstream task, they do
not allow graceful modifications to the vocabulary as required by the task or its data do-
main. Decoupling the training vocabulary from the target vocabulary that a model uses
during inference or finetuning will simplify sequential training and enable open vocabu-
laries.

Building on encouraging results with compositional input embeddings (Ling et al.,
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Figure 4.1: Existing output layer parameterizations using independent or shared parame-
ters in the output embedding E°“* across words drawn from a vocabulary selected a priori.

2015; Jozefowicz et al., 2016; Peters et al., 2018), we introduce a language model with shared
compositional embeddings for input as well as for output word representations. Further,
we go beyond past work based on surface forms, making optional use of relations and nat-
ural language definitions from structured lexicons like WordNet (Fellbaum, 1998). To our
knowledge, this is the first word-level language model whose parameters do not depend
on the vocabulary size and which is grounded to an external structured lexicon. Our exper-
iments show that our models are more sample efficient (Section 4.5) on closed vocabularies
and perform competitively on cross-domain settings (Section 4.6).

4.4 GroC: Grounded Compositional Output Language Models

We present our grounded compositional output language model (Figure 4.2).! Following
the decomposition of neural language models in Section 4.2 (Equations 4.2—4.3), we con-
sider each part of the model in turn: input embeddings (Section 4.4.1), output embeddings
(Section 4.4.2), and bias (Section 4.4.2). As noted above, our approach is agnostic to the
training vocabulary (V) and to the prefix encoder (f) that has been the focus of most inno-
vations in neural language model design.

4.4.1 Compositional Input Embeddings

We build on the compositional model of Ling et al. (2015), which encodes a word using
its surface string (i.e., character sequence), adding two more sources of information. Pe-
ters et al. (2019) enhanced word representations with information from external relational
knowledge bases, specifically for words that refer to entitites. Like them, we use a struc-

!Code: https://github.com/Noahs—ARK/groc
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Figure 4.2: Grounded compositional output language modeling. (Left) The compositional
input embedding is grounded in surface, relational, and definitional word forms from an
external structured lexicon. (Right) The encoded prefix words are given as input to the
prefix function and the words in an arbitrary vocabulary are given as input to the output
embedding function and the bias function to predict the next word.

tured lexicon (WordNet); we encode every word in the lexicon using its neighbors. The sec-
ond follows Bahdanau et al. (2017), who used definitions to represent out-of-vocabulary
words; we encode definitions for all words (regardless of training-set frequency).

We begin by replacing the matrix E™ € RIY/*? with a neural network that defines
a word’s embedding compositionally from its surface form, its position relative to other
words in a structured lexicon, and a natural language definition. For each word z, we refer
to these, respectively, as the word type’s surface embedding c,, relational embedding r,,
and definitional embedding d,. We assume each has a dimensionality of d. The last two
are optional (if missing, they are set to zero), and we redefine e, as the concatenation of the
three, namely e, = (c;,r;, d;). For r, and d,, we used the structured relations (synonyms
and hyponyms) and free-text definitions in WordNet (Fellbaum, 1998).

In this study, we focus on simple, computationally efficient options for the three en-
coders. A word z’s character sequence is encoded as surface encoding ¢, using a convolu-
tional network followed by a highway network (Jozefowicz et al., 2016; Peters et al., 2018).
Its relational encoding r, is given by an average of c, across WordNet synonyms and hy-
ponyms z'. The definitional encoding of z, d,, we similarly take an average of the surface
encodings ¢, over words 2’ appearing in the definition. For computational efficiency, we
set a maximum limit to the number of words to be used for both relations and definitions
(see Appendix B.1.1). If a word’s information is not in WordNet, we set r,, and/or d; to
0. In future work, additional encodings could be added, e.g. contextualized examples
(Khandelwal et al., 2020).

A notable property of these input embeddings is that their parameter count does not de-
pend on the vocabulary size |V|. Further, the vocabulary used in training need not be iden-
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tical to the one used during finetuning, evaluation, or deployment. For example, during
training we can use the full vocabulary combined with a softmax approximation method
(e.g., Grave et al., 2017b), or by dynamically narrowing the choice of z; based on its history
using co-occurrence statistics (L'Hostis et al., 2016). During finetuning or evaluation, one
can use the same vocabulary (required for traditional perplexity evaluations) or a different
one chosen statically or dynamically, since any word’s input embedding can be calculated
compositionally.

4.4.2  Compositional Output Embeddings

One straightforward option for vocabulary size-independent output embeddings is to reuse
the compositional input embeddings from Section 4.4.1, along the lines of Press and Wolf
(2017). Concretely, at timestep ¢, we take the set V] of output word types allowed, embed
each word type v € V) as in Section 4.4.1, and stack these into a matrix E/" which serves
directly as E°%.

Though these compositional representations do enable extensive sharing across the vo-
cabulary, we suspect that the features they capture may require additional processing be-
fore capturing “output” distributional similarity, especially when another domain is the
real target use case for the language model. This follows prior work discussed in Section
4.3, which showed that making the output embedding a function of the input embeddings
with shared parameters improves over simple tying.?

We therefore adopt a depth-k residual network for the output embedding function
g (from Section 4.3) that consists of a feedforward function g¢; at each layer j with d-
dimensions each and apply it to the input embedding at timestep t:

gy =B (4.4)

) as the output embedding at timestep t. To avoid overfitting, we
apply variational dropout in between the layers, following Pappas and Henderson (2019).
In contrast to that work, our resulting output embeddings are compositional. The depth &
and the dropout rate are hyperparameters to be tuned on development data. The number

k
Hence, we use Ef“t(

of parameters is proportional to k times the number of parameters in the feedforward
network (O(d?)); it does not depend on the vocabulary size.

“Note that the input embeddings are passed through the prefix encoder f, which uses additional parame-
ters to create the hidden state h;_;.
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Bias

In conventional language models, each word in the vocabulary is assigned a bias param-
eter that roughly captures its log-frequency under a unigram distribution. This is the last
part of a neural language model whose parameters depend on the vocabulary size. Instead
of a dedicated, independent bias parameter for each word v € V, we define

by=0 (W el 4 a) , 4.5)

where ¢ is the activation function and we introduce parameters w € R? and a € R. The
bias values b, are stacked to form b and used in Equation 4.3.

Training

Since all components are differentiable with respect to their parameters, the entire model
can be trained to maximize training-data likelihood as described earlier (Section 4.2.1).
Parameters include:

* Input character embeddings, the convolutional network for c,, and 3d? parameters
for projection (Section 4.4.1);

¢ Output embedding transformation, including the depth-k feedforward network for
output embeddings (Section 4.4.2) and the bias parameters (Section 4.4.2); and

* Prefix encoder f, an orthogonal design choice to our method (an LSTM in our exper-
iments).

The model size can be adjusted by changing output embedding hyperparameters to fit
a given memory requirement — this is the same as any other neural network. Note that
despite our vocabulary-size independent parameterization, we still need to process all the
words in the supplied vocabulary leading to increased training times despite the model’s
sample efficiency. This can be prohibitive for very large vocabularies (> 100K), where
we recommend using softmax approximation methods and making sparse updates of the
output embedding parameters. During inference, E” can be cached for fast access; there
is no need to execute a forward pass more than once.

The total set of parameters for our model is the following one © = {Oj,put;, Ooutput, Opre fiz> Obias }-
The input embedding function parameters are |0;nput| = dehar X Venar + ¢ X [0cnn| where
dchar is the dimension in the character lookup table in V., and u is the number of con-
volutions employed. The combined form representations require only 3d x d parameters
that originate from their down projection. The output embedding function parameters
are |Ooutput| = k x |0rr|, for the prefix function are |0, i.| which depends on the chosen
prefix encoder function, and for the bias are |0y;,s| = d + 1. Note that none of the above
model parameters depends on the vocabulary size |V|. In contrast to previous approaches,
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Figure 4.3: Median loss difference between each baseline and GroC over different word
frequency intervals on penn (a) and wikitext2 (b). The biggest differences are mostly
observed on words with low training frequencies. Error bars show 95% confidence inter-
vals for the median.

Dataset genre |V| #tokens WNet cov.
penn news 10K 929K 78 86
wikitext2 Wiki. 33K 2M 73 76

Table 4.1: Language modeling dataset statistics. The last two columns give the percentage
of the vocabulary covered by WordNet for relational and definitional encodings, respec-
tively.

our output embeddings (i) do not require parameters that scale linearly with the vocab-
ulary size and (ii) can be reused with any strategy for selecting the output vocabulary at
inference time.

4.5 Conventional Language Modeling

We first establish the performance of GroC in the conventional closed-vocabulary setting,
considering two datasets. We consider out-of-sample generalization (measured by test-set
perplexity) and also analyze fit across the vocabulary by frequency bin.

4.5.1 Experimental Setup

Datasets. We evaluate our methods on two English datasets: penn (Marcus et al., 1993)
and wikitext2 (Merity et al., 2017). We report test perplexity using the provided train-
ing/dev./test splits. Table 4.1 also quantifies the percentage of each dataset’s vocabulary
that is covered by WordNet (used to derive relational and definitional encodings).

External knowledge For each of the vocabularies of the datasets we extract relational
and definitional forms from Wordnet (Fellbaum, 1998). For simplicity we keep only the
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words in that are present in the vocabulary itself. The coverage on penn is 78% and 85.8%,
on wikitext?2 is 73.4% and 76.2%, on lambada is 48.5% and 52.9%, on wikitext103
is 37.8% and 38.6% for relational and definitional features respectively. Unless otherwise
noted, for each word we limit the number of relations to 3 and its definition length to 10.

Models.

All of the models compared use the same prefix encoder: a vanilla recurrent neural net-
work based on the implementation by Merity et al. (2017) with 2 layers and 1024 LSTM
units, regularized with hidden unit dropout of 0.65 along the lines of Grave et al. (2017a).
The following output embedding approaches are compared:

* Lookup table: trains a full output embedding lookup table that corresponds to the
vocabulary as defined in Eq. 4.3.

¢ Convolutional (Jozefowicz et al., 2016): an alternative to a lookup table that uses a
character-level convolutional neural network followed by a highway network plus a
linear “correction” for each vocabulary element to represent the outputs.’

* Tied (Press and Wolf, 2017): avoids training separate input and output embedding
matrices by tying their parameters. This is a common technique that mitigates the
overparameterization issue of the lookup table.

* Bilinear (Gulordava et al., 2018): performs a simple linear transformation of the in-
put embedding to produce the output embedding that effectively shares parameters
across outputs.

* Deep residual (Pappas and Henderson, 2019): performs a deep residual transforma-
tion of the input embedding with variational dropout in between its layers, which is
more expressive than the bilinear one.

¢ Adaptive (Baevski and Auli, 2019): uses a bilinear transformation of the input and
output embedding with parameters proportional to the word frequencies, to assign
more capacity to frequent words and less capacity to infrequent ones. This is consid-
ered to be a state-of-the-art output embedding method.

¢ GroC (this work): the grounded compositional output embedding (Section 4.4.2).
For fair comparison, we apply variational dropout to all output embeddings. Hyper-

parameter selection of dropout rates, output network depth and activation, linear “correc-
tion,” and adaptive frequency cutoffs was conducted by grid search on validation data.

*Note that we chose not to use a linear “correction” with GroC since it deviates from our goal of having
a vocabulary-independent parameterization, but it could be applied to GroC in the future for additional
improvements.
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penn wikitext?2
Output embedding O] test || test
Lookup table 13M  90.8 23M 108.3
Convolutional [J16] 13M  101.6 23M 116.6
Tied [PW17] 10M 862 15M 973
Bilinear [G18] 10M 837 15M 959
Deep residual [PH19] 10M  80.5 15M 947
Adaptive [AM19] 8M 793 9M 907
GroC (ours) M 695 O9M 825

Table 4.2: Perplexity scores on conventional language modeling benchmarks with closed
vocabulary. |©| denotes the total number of model parameters.

4.5.2 Results

Table 4.2 reports perplexities achieved by all seven models. The main finding is that GroC
achieves lower perplexity than the previous models, on both datasets. Note that GroC
outperforms the state-of-the-art output embedding method of Baevski and Auli (2019);
specifically, by —9.8 and —8.2 points on penn and wikitext-2, respectively. The differ-
ence with the other methods is even larger. We also confirm the findings of Pappas and
Henderson (2019), that output parameter sharing methods outperform tied output em-
bedding and the lookup table, and of Jozefowicz et al. (2016), that convolutional output
embeddings lag behind full softmax (lookup table). Notably, GroC outperforms the best
reported scores by Merity et al. (2017) and Grave et al. (2017a) on penn, using about 11M
fewer parameters and a similar prefix network to the latter.

Nevertheless, GroC is about 1.3 x slower than the convolutional method on penn; with
sparse updates (p > 0.3) we can make it 2.1 x faster than that method, which is comparable
to the speed of the bilinear method, while maintaining a perplexity improvement of —26
points.

4.5.3 Analysis

The experiment above establishes that our approach achieves improved perplexity relative
to alternative output embeddings. We next decompose its performance in various ways to
understand why.

Word frequency effects. We conjecture that GroC’s main benefit comes from words that
are rare in the training data, since the core contribution is to share representations across
the vocabulary. To evaluate this hypothesis, we consider the difference in test loss (cross
entropy) between GroC and a baseline model, following Baevski and Auli (2019) but com-
puting the median instead of the average to reduce the effect of outliers. We decompose
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penn wikitext2
Model dev. test dev. test
GroC + out 75.0 714 - 87.0 82.5-
— relations 77.1 72.7 1 90.2 85.3 1
— definitions 75.6 72.01 88.6 84.3 1
— both 79.8 75.81 94.3 89.8 1
GroC 72.5 69.5 - 88.7 84.1 -
— relations 74.2 70.8 1 93.0 88.0 1
— definitions 74.4 71.1 71 87.6 83.1]
— both 76.3 73.21 94.5 89.5 1

Table 4.3: Ablated model variants on penn and wikitext—-2. out: the deep residual out-
put network.

Coverage surf. 0% 16% 32% 48% 64% 82%

inference 73.1 187.8 159.3 128.5 102.6 83.5 69.5
train - 724 700 704 696 70.7 69.5

Table 4.4: External lexicon coverage effect on the perplexity of GroC on the penn test set.
surf.: model with surface forms only from Table 4.3, last row.

this score by data frequency bins (e.g., words occuring 1-50 times in the training dataset).
Figure 4.3 is displayed for the penn and wikitext2 datasets. The trend we observe is that
GroC has the greatest benefit for words in lower frequency bins, relative to each model.
The lowest-frequency bin on penn deviates from this pattern, which we take as an indica-
tion that generalizing to infrequent words with only 1M training tokens and a small 10K
vocabulary is inherently challenging.

Ablations. To assess the contributions of GroC’s components, we performed ablation
tests on penn and wikitext2 (Table 4.3). These include removing relational and/or def-
initional forms, either with or without a deep residual output network. For fairness, we
tune the hyperparameters of the ablated model variants as above. Overall, removing the
relational and definitional forms from the main model with or without output network
on top increases the perplexity. The largest drop in perplexity happens when we remove
both forms, which highlights their notable contribution to the full model. Lastly, the re-
sults on wikitext2 highlight the importance of capturing the output similarity with an
output network (out) for datasets with a larger vocabulary as opposed to merely reusing
the grounded compositional embeddings as output embeddings.

Lexicon coverage. To measure the effect of lexicon coverage on model performance in a
controlled setting, we artificially remove words from WordNet, making them unavailable
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Dataset source train |V| test |V| OOV%
2007 81K 188K 2.0
2008 82K 197K 2.3
2009 .

News Crawl 81K 195K 2.5
2010 78K 181K 2.4
2011 80K 184K 2.5

web Common Crawl 75K 174K 5.8

wiki WikiText-103 67K 109K 54

Table 4.5: Dataset statistics for cross-domain experiments. OOV % gives the percentage of
tokens in the test set not present in the 2007 train vocabulary.

for relational and definitional encodings. In this experiment, we consider the penn dataset,
where WordNet's coverage over the (relatively small) vocabulary is highest to begin with.
Table 4.4 shows the resulting test perplexity of a pretrained model (inference) and a model
trained from scratch (train) when such controlled manipulation is applied to them from
0% up to the maximum of 82% coverage (Table 4.1) . Note that we treat relational inde-
pendently of definitional forms since they are not always co-present. Overall, the results
indicate that the model is sensitive to changes in the forms of words that have been seen
during training but it is robust to changes if it is trained from scratch. In the next section,
we investigate what happens when we add forms for words which the model has never
seen before.

4.6 Cross-Domain Language Modeling

To demonstrate our model’s ability to generalize beyond its training data, we evaluate
it across domains with an open vocabulary, in two settings: zero-resource, where it is first
trained on one domain and then tested on a new target domain, and low-resource, in which
the model is further exposed to training data in the new domain.

4.6.1 Experimental Setup

Data. Following Grave et al. (2017a), we create English datasets from News Crawl (Bojar
et al., 2014), Common Crawl,* and WikiText-103 (Merity et al., 2017). Dataset statistics
are given in Table 4.5. All models are trained on 2M tokens from the 2007 dataset and
evaluated on 10M tokens; finetuning is done on an additional 2M tokens from the target
domain. We consider the domain of the 2008-2011 datasets to be similar (“near”) to that
of the training set, 2007, as they contain news from different time periods. In comparison,
web and wiki are more different (“far”) from 2007.

*We used the version from WMT 2014 (Bojar et al., 2014).
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Models. We compare GroC to the tied output embedding model described in Section
4.5.1 when combined with the following adaptation methods:

¢ Unigram: we interpolate the model’s distribution with a unigram cache, which as-
signs probabilities based on the counts of words in the test data observed so far dur-
ing evaluation.

* Local cache: we interpolate the model’s distribution with a neural cache (Grave et al.,
2017c), which assigns probabilities based on the similarity of the current hidden state
to previous hidden states during evaluation.

¢ Finetuning: the model is finetuned on 2M tokens from the target domain.

(We also compare to the reported unbounded cache results from Grave et al., 2017a.)

Cache models provide effective adaptation without training by using recent history to
develop an auxiliary distribution during evaluation, informing predictions of unseen or
rarely-seen words. However, as GroC already assigns non-negligible weight to new words
not seen prior to evaluation, the cache has less effect by default, even if its predictions are
more accurate, an effect we observed in validation. To address this, we down-weighted the
model’s predictions for new words prior to cache interpolation by 0.1, a weight selected
on the wiki validation set. Cache hyperparameters (interpolation weight and flattening
weight) were tuned with the tied model on the 2008 validation set. For finetuning, both
tied and GroC models were trained for an additional 3 epochs on the target domain, al-
lowing them to adapt to the new domain. See Appendix B.2.4 for hyperparameter details.

Vocabulary setting. For a fair comparison, all models are evaluated on the union of the
training and test vocabularies. Tied models are interpolated with the uniform distribution
at test time to prevent infinite perplexities on unseen words, prior to cache interpolation if
applicable. Words present in the finetuning data but not in the original training data are
given random embeddings prior to finetuning.

4.6.2 Results

The results for the cross-domain experiments are shown in Table 4.6. Standalone GroC
improves perplexity relative to the tied model in every domain by up to —30 points, in-
cluding the local neural cache and the unbounded neural cache model in the near-domain,
even when the former is applied to our own stronger tied-embedding baseline model. In
addition, when finetuned on the target domain GroC outperforms all non-finetuned base-
lines by a wide margin including the unbounded cache by about —40 and —132 points
on near and far domains, respectively, indicating that even a small exposure to target do-
main data dramatically improves generalization. Finetuned GroC also outperforms the
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near domains

far domains

Model 2007 — 2008 2009 2010 2011 Web Wiki
Zero-resource setting
= Base 220.9 2376 2562  259.7 2688 | 689.3 1003.2
< _
S Base + unigram 220.3 2359 2526 2561 2643 | 5811 6094
& 8 Base + local cache 218.9 2345 2505 2562 2652 | 5934 3165
© Base + unbounded cache 166.5 1914 2026 2048 2143 | 3834 3374
£ Tied 184.3 199.8 2173 2216 2299 | 660.6 841.1
2 Tied + unigram [G17] 187.8 203.6 2215 2259 2343 | 5775 8197
a Tied + local cache [G17] 181.8 1965 2120 217.7 2259 | 501.7  406.9
GroC 158.6 171.0 1867 1925 2004 | 6379 7539
g GroC + unigram [G17] 155.2 1673 1831 1895 1964 | 533.6  689.2
GroC + local cache [G17] 152.6 1641  179.0 1851 1923 | 493.0 4088
Low-resource setting
Tied + finetuning - 1728 1779  180.7 1854 | 212.7 2426
GroC + finetuning - 153.7 1622 167.0 170.6 | 2395 216.9

Table 4.6: Results on near and far cross-domain language modeling with an open vocab-
ulary with a zero-resource or a low-resource setting. Top four rows display scores from
Grave et al. (2017a), while the next three are from our re-implementation with a stronger
base model. Boldface marks the best perplexity on each test set within each setting (zero-
or low-resource).
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finetuned tied model by up to —25 points except in web domain, and reaches lower vali-
dation scores with fewer iterations in 5 out of 6 domains (see Appendix B.2.1). For the web
domain, caches and finetuning are more effective than in any other domain, indicating
unique domain dynamics that may impact the effectiveness of GroC-based adaptation.

4.7 Summary

In this chapter, we described an adaptive language model based on grounded compo-
sitional outputs, drawing from language-specific lexical resources (WordNet) as well as
information contained in the text (a word’s surface form). We demonstrated that this
model reduces the number of parameters and increases sample efficiency, outperforming
existing strong output embedding methods and adaptation baselines on in-domain and
open-vocabulary settings respectively. In principle, our results should also be applicable
to wordpiece language models which are currently based on lookup tables to improve
their sample efficiency and compactness. Future extensions of this work could investigate
to what extent pretrained language models benefit from GroC on such zero-resource or
low-resource adaptation settings. This work suggests several possible future directions for
language modeling in low-resource domains: scaling training to even larger vocabularies,
applying GroC in a large pretraining setting to expand its zero-shot generalization, and
extension to other languages, the last of which we will examine in Chapter 5.
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Chapter 5

POLYGLOT COMPOSITIONAL OUTPUT EMBEDDINGS

5.1 Introduction

Large language models (Devlin et al., 2019; Radford et al., 2019, inter alia) have been highly
effective in multilingual NLP, allowing crosslingual sharing of both annotated and unan-
notated information (K et al., 2020; Dufter and Schiitze, 2020; Pires et al., 2019). How-
ever, these models demand significant amounts of pretraining data, performing worse
for lower-resource languages due to impoverished target language lexicons and under-
trained representations (Chau et al., 2020). The research described in Chapter 4, examining
sample-efficient word-level language modeling, demonstrated effective domain adapta-
tion with little or no target domain data, by making use of compositional input and output
representations, but considered this approach only within a single language, English.

In this chapter, we examine whether such an approach can be successfully applied to
crosslingual transfer via joint training in a low-resource setting. We train several small
LSTM language models on small amounts of text in 10 languages, and compare mono-
lingual models to those trained on two languages jointly. We find that joint multilingual
training consistently improves the perplexity of baseline models, regardless of the embed-
ding type, and that models using compositional output embeddings continue to have the
best performance overall. This suggests that the benefits of joint multilingual training do
not rely on word-specific parameters, and that shared linguistic features can be encoded in
compositional embedding networks.

Finally, we study whether careful initialization of the model can make training more
efficient for multilingual compositional LMs, compared to training from a baseline of ran-
dom initialization. First, we train a model with compositional inputs only, and traditional
output embeddings (comparable to ELMo or Rosita), on multiple languages. At test time,
the compositional embedding network is then used to compute output embeddings as
well, replacing the lookup output embeddings (Section 5.5). This avoids the computational
expense of training a model with compositional output embeddings, while still having the
benefit of being able to handle OOV words at test time. However, we find that this model
does not outperform multilingual GroC trained from scratch with output embeddings,
even after finetuning.
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Figure 5.1: A generalized language model. Input and output words are encoded by embed-
ding functions; the input embeddings are fed to a prefix function (e.g., an LSTM or trans-
former), and the output (the hidden state) compared to each of the output embeddings
to form a probability distribution over the vocabulary. The input and output embedding
functions ¢r and ¢o may share parameters (tied embeddings).

5.2 Language Model Embeddings

Language modeling is the task of assigning probabilities to sequences of tokens represent-
ing natural language, which is often implemented by finding the conditional probability
of each token given the sequence of previous tokens:

T

p(x) = Hp(act | Z1,...,T—1). (5.1)

t=1

As discussed in Section 4.2, neural language models can generally be decomposed into
three main parts: an input embedding function, which produces a representation £, _, of
each word or token in the context x¢; a prefix function, which combines those representa-
tions to produce a hidden state or context vector h; and an output embedding function,
which produces a representation for each word in the vocabulary Ey (see Figure 5.1. The
next word distribution is then given by

p(Xt = ¢ | het) = softmax(Eyh<; + b) (5.2)

where b is a bias vector.

Most commonly, the input and output embedding functions consist of simply selecting
the vector corresponding to the desired vocabulary element from an embedding matrix
(a lookup embedding). This matrix is often shared between input and output embeddings
(Press and Wolf, 2017; Inan et al., 2017). Other parameterizations include adaptive embed-
dings (Grave et al., 2017b; Baevski and Auli, 2019), hierarchical softmax (Morin and Bengio,
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2005) or compositional functions to produce embeddings, (e.g. Jozefowicz et al., 2016). In
ELMo (Peters et al., 2018) and in the multilingual language models described in Chapter
3, the input embedding is a convolutional neural network over the sequence of bytes (or
characters) in each word, while the output embedding is a lookup embedding. In GroC
(see Chapter 4), both input and output embeddings are implemented by the compositional
function shown in Figure 4.2, which includes an ELMo-like CNN; the same parameters
are used to embed both context and vocabulary, and are updated via gradients from both
paths of the computation graph. This results in better representations for rare words, at the
cost of higher memory usage and slower training (since the output embedding must be fre-
quently recomputed, consuming memory for gradients as well as the final vector). While
GroC is not an ideal approach for large models due to these memory and computational
requirements, it is well suited to answering our research question of whether dedicated
parameters for individual embeddings are a key component of crosslingual transfer.

In this chapter, we use LSTM language models based on the AWD-LSTM codebase!;
i.e., the prefix function is a 2-layer LSTM for all models, while the input and output em-
bedding functions vary. While Transformer language models (Vaswani et al., 2017) have
outperformed LSTMs at large scales, in this work we examine only very small datasets,
where the performance gap is small and dependent on optimization (Dai et al., 2019). For
this reason, we adapt the code from Chapter 4 (as published in Pappas et al., 2020) to a
multilingual setting while carrying over most of the same hyperparameter settings for the
Penn Treebank experiments in that chapter, as that dataset is of a similar size to the ones
used here.

5.3 Data

In this work, we consider word-level language modeling with small datasets. As shown in
Chapter 4, GroC’s sample-efficient architecture allows strong performance in monolingual
modeling at small data scales; we wish to show whether this means that multilingual GroC
will enable crosslingual transfer at small data scales.

We use text from the wiki40b corpus (Guo et al.,, 2020), a multilingual corpus of
Wikipedia text filtered to remove non-content sections (such as References and See Also)
and structured content (figure captions, tables and lists). This is intended to produce
a sample of natural language which is relatively stylistically uniform across the chosen
languages. For each language, we sample approximately 1M words of training text and
100k words for development and test sets, drawn from the existing splits in wiki40Db,
segmented into words in a language-specific manner with the Stanza pipeline (Qi et al.,
2020). We study two types of crosslingual transfer: joint training with a target language
and English, and joint training with a target language and a related language. Languages,
grouped with their related language, and dataset statistics are shown in Table 5.1.

lgithub.com/salesforce/awd-1lstm—1lm
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Lang Code ‘ \4 ‘ Family

English en 69955 | Indo-European

French fr 79905 | Indo-European
German de 124920 | West Germanic

Dutch nl 85323 | West Germanic

Italian it 89577 | Italo-Western Romance

Spanish es 87107 | Italo-Western Romance
Indonesian id 82022 | Malayo-Polynesian
Tagalog tl 86898 | Malayo-Polynesian
Ukranian  uk 149658 | East Slavic

Russian ru 154198 | East Slavic

Table 5.1: List of the languages and the statistics of the sampled data used in our exper-
iments. Each shaded/unshaded section corresponds to a pair of related languages; the
closest language family they share according to the Ethnologue phylogenetic tree (Eber-
hard et al., 2021) is given in the last column. English and French are treated as a related
language pair due to strong vocabulary influence (Millward and Hayes, 2012) despite their
phylogenetic distance. Vocabulary size is the count of distinct word types after segmenta-
tion with the Stanza pipeline (Qi et al., 2020).

After word segmentation, we construct the vocabulary for a given language as the set
of all word types appearing in the training and development sets. Our selection focuses
on languages with Latin and Cyrillic scripts; these languages have a balance between high
character-word ratios, such that a compositional embedding enables significant sharing
between words, and limited word-level vocabularies (a few hundred thousand words at
our data scale), which can fit in GPU memory despite GroC’s memory-intensive design.
For example, the specific architecture of GroC is probably not a good choice for Chinese
due to low compositionality, or Turkish due to the intractability of word-level modeling
in an agglutinative language. We leave investigation of compositionality in logographic
scripts, or in combination with subwords, to future work.

We use the Open Multilingual Wordnet (Bond and Foster, 2013) as the lexicon to con-
struct the relational and definitional features in GroC models. However, of the ten selected
languages, only five (English, French, Dutch, Italian and Spanish) appear in the Open Mul-
tilingual Wordnet. Furthermore, the non-English portions largely consist of links from
non-English lemmas to synsets from the original English WordNet, and thus all definitions
appear only in English, requiring a model trained on English text to properly construct
definitional forms for any language. Thus in this work, we only evaluate models with
relational and definitional forms for transfer between English and one of the other four
languages. We leave exploration of lexicon-grounded compositional embeddings in addi-
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tional settings to future work.

5.4 Joint Multilingual Training With Output Composition

As we have seen in earlier chapters, crosslingual joint training and compositional archi-
tectures are each useful for low-resource learning. If the two techniques can be applied
together, and have an additive benefit, then this would enable stronger models for low-
resource languages with less target language data. However, lookup embeddings are the
dominant paradigm in large multilingual language models such as mBERT (Devlin et al.,
2019) and mT5 (Xue et al., 2021), and while the multilingual ELMo model described in
Chapter 3 used compositional input embeddings, it still relied on compositional output
embeddings during pretraining.

To determine whether these two techniques can be used together, we extend Chapter
4’s compositional word-level language models to a multilingual setting, to study models
without dedicated vocabulary parameters. Following that work, we focus on word-level
language modeling, instead of using subwords or character-level prediction. We construct
the training vocabulary as the union of all word types in the training sets of each language.
If the same word (i.e., the same character sequence) appears in multiple languages, by de-
fault it is treated as the same vocabulary item in all models: in models with embeddings,
it receives a single embedding; in models with compositional representations, the compo-
sitional representation is computed in the same way regardless of the language context,
including using a single definition and set of relations. We choose this handling of words
that appear in multiple languages because Open Multilingual WordNet statistics indicate
that in almost all cases, they have very similar meanings in each language. For example,
about 15% of words in the English vocabulary also appear in the Spanish vocabulary, in-
cluding punctuation, names, abbreviations, quotations of text in the opposite language,
etc. Of those, for only 5.2% is the English definition used not a correct definition for Span-
ish (i.e., the word has an entry in the Spanish WordNet and the selected English synset is
not linked to the Spanish lemma), representing only 0.8% of the full vocabulary. Similar
proportions hold for the other language pairs in OMW. Thus, treating these words as a sin-
gle vocabulary item is correct in the overwhelming majority of cases. Future work could
apply a more nuanced approach, perhaps sharing some forms but not others, or sharing
only for certain words.

To handle a multilingual vocabulary, including language pairs with different scripts, we
compute the surface form with a convnet over Unicode characters, rather than over bytes
as in Chapter 4, similar to the modification we made to the ELMo architecture in Chapter
3. This increases the size of the character vocabulary, but allows dedicated parameters for
characters in different scripts.
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tgt || lookup | lookup | lookup || ELMo | ELMo | ELMo GroC GroC | GroC +lex | GroC
lang || (mono) | (EN+tgt) | (rel+tgt) || (mono) | (EN+tgt) | (rel+tgt) || (mono) | (EN+tgt) | (EN+tgt) | (rel+tgt)

en 364 - 340 275 - 276 269 - - 270
fr 274 239 239 197 194 194 186 181 173 181
de 690 627 600 417 419 397 412 403 - 391

nl 388 355 345 266 261 252 257 253 250 250
es 345 292 312 236 232 220 211 206 215 203
it 481 435 437 328 323 305 298 299 293 282

id || 672 | 642 | 579 | 477 | 442 | 512 || 438 | 430 - 444
th || 239 | 215 | 230 | 171 | 159 | 179 | 161 | 154 - 157
uk || 1293 | 1252 | 1162 | 702 | 679 | 632 || 549 | 534 - 469
ru || 1300 | 1227 | 1235 || 732 | 701 | 641 | 544 | 571 - 480
Avg.|| 631 | 587 | 571 || 392 | 379 | 370 | 340 | 339 | - | 317

Table 5.2: Perplexity for models trained on 1M tokens per language of wiki40b. Monolin-
gual models (“mono”) train only on the target language. Multilingual (polyglot) models
train jointly on the target language combined with English (“EN+tgt”) or with the related
language given in Table 5.1 (“rel+tgt”). Bold indicates the best model for a language pair;
italics indicates a polyglot model that improves relative to the monolingual model of the
same type. “Avg.” is over non-English target languages only.

Memory optimizations The union of the vocabularies of N languages scales approxi-
mately linearly with N. GroC is already a memory-intensive embedding method, because
the embedding network is required to generate the embedding for every word in the out-
put vocabulary, with memory requirements of |V'| times the size of all the gradients in the
embedding network. Thus, to fit polyglot models with large vocabularies in memory, we
use monolingual batches and compute the output embeddings only for the words in the
vocabulary of the current batch’s language. This language-screened softmax is not used in
prior work on jointly trained polyglot language models, so we compare the perplexity of
lookup models trained with and without language-screening, to show that they perform
roughly equivalently. See Appendix C.

5.4.1 Comparison to baselines

We first compare GroC to lookup models and ELMo-like models in both monolingual
and multilingual settings, to determine whether the perplexity improvement from poly-
glot training which we see for lookup models also applies to models with compositional
embeddings. With this experiment, we can determine whether GroC is benefiting from
crosslingual transfer in the same way as non-compositional language models.

Table 5.2 shows perplexity for monolingual and multilingual models of three types.

¢ Lookup: the embedding function is simply a matrix with vector embeddings for each
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word in the vocabulary, shared between input and output. This is most similar to
traditional LSTM language models such as Merity et al. (2018). For fair comparison
to other variants, which are all word-level models, each embedding corresponds to a
word type in the vocabulary (i.e., not BPE, wordpieces, characters).

¢ ELMo: the input embedding function consists of the compositional embedding func-
tion from Chapter 4, shown in Figure 4.2, while the output embedding function
is an embedding matrix. This model is similar to ELMo (Peters et al., 2018) and
Rosita (Chapter 3), except that those works used a bidirectional LSTM to provide
full-sentence context, while our prefix function is unidirectional to compute valid
perplexities.

¢ GroC: a shared compositional embedding function is used for both input and output
embeddings. For languages present in the Open Multilingual Wordnet, we include a
comparison to a model with the relational and definitional forms described in Chap-
ter 4 (“GroC+lex”), which incorporates English definitions for target language words
and crosslingual relations. For all other GroC models, only the surface form is used.

For each combination of target language and model type, we train a monolingual model
in that language, a polyglot English+target model, and a polyglot related+target model,
and compare the perplexity on the target language’s test set. In each of these models, the
prefix function is the same; only the input and output embedding functions vary.

As seen in Table 5.2, polyglot training tends to improve performance for all models. We
also see that, consistently across all model types, sharing between related languages tends
to provide a larger benefit than sharing with English. This effect is not seen in the compo-
sitional models for Indonesian and Tagalog, notably more distantly related than any other
related-language pair except French and English; each of them instead benefits more from
transfer with English. However, when averaged across languages the improvement from
related-language transfer is large. We also see that compositionality is helpful regardless
of the language; ELMo models consistently outperform lookup models, and GroC models
consistently outperform ELMo. Thus, the best model for almost every language, as well as
on average, is GroC model trained on multiple languages.

We also find that the relational and definitional forms (“+lex”), while shown to be help-
ful monolingually in Chapter 4, are only inconsistently useful for crosslingual transfer.
Adding these forms helps transfer from English in French, Dutch, and Italian, but the gain
is small, and perplexity increases in the case of Spanish. This effect may be due to poor
coverage in non-English languages; further research with less-rich but higher-coverage
resources such a bilingual dictionaries might uncover better forms of crosslingual supervi-
sion.
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tgt lookup 2M | lookup 2M | lookup 2M || GroC IM | GroC 1M | GroC 1M
lang (mono) (EN+tgt) (rel+tgt) (mono) (EN+tgt) (rel+tgt)
en 260 - 228 269 - 270
fr 197 174 174 186 179 179
de 489 414 397 412 403 391
nl 281 235 251 257 253 251
es 251 223 225 211 206 203
it 320 282 283 298 299 282
id 471 430 418 438 430 444
tl 173 149 153 161 154 157
uk 816 718 700 549 561 469
ru 843 712 702 544 571 480
Avg. | 427 | 366 | 367 || 340 | 339 | 317

Table 5.3: Perplexity for lookup models trained on 2M tokens per language of wiki40b.
GroC results are copied from Table 5.2 for ease of comparison.

5.4.2  Comparison across data scales

The polyglot improvements shown in Table 5.2 are smaller, when measured either as an
absolute reduction in perplexity or as a percentage reduction in relative perplexity (aver-
aged across languages), for the ELMo-like and GroC models than for the lookup models.
The meaning of this difference is not clear; it may be either that compositional embed-
dings are less suited to crosslingual joint training or that the models with compositional
embeddings are already performing well enough that there is less potential benefit from
crosslingual joint training. To help disambiguate this effect, we train several lookup mod-
els using twice as much training data in each language, 2 million words, and evaluate
them on the same test sets as used in Table 5.2. For ease of comparison, we do not change
the configuration of the model from that used for the 1M-scale data. There are several
advantages of more data, even without scaling the model: embeddings for some words
will be updated more frequently, embeddings for some words not present in the original
1M-scale training set will now be learned, allowing the model to predict them at test time,
and the parameters of the prefix function will all be trained on twice as many contexts,
reducing overfitting. Note also that the polyglot lookup models receive twice as much
text from the added language, increasing the advantage from polyglot training. Table 5.3
shows the results, including the original 1M-scale GroC models for comparison. We see
that GroC usually performs about as well or better than lookup models trained on twice as
much data, retaining a significant advantage when averaged across languages. However,
when comparing the monolingual and polyglot averages within each model type, the im-
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tot<>EN tot<>EN tet<>EN

tgt lang (lgookup) (%LMo) (gGroC)
fr 34.3 53.6 52.9
de 26.6 33.4 31.9
nl 33.5 50.2 47.2
es 28.1 46.1 471
it 30.4 51.3 49.7
id 37.4 50.1 48.0
tl 54.3 61.5 58.3
uk 2.8 34 34
ru 29 2.3 2.7

Table 5.4: Alignment scores between English and target language embeddings (p@5;
higher is better). Embeddings for each target language are drawn from the polyglot (EN-
tgt) models and aligned to English embeddings from the same model. Alignments are
learned with supervised MUSE with 10 iterations of refinement and evaluated with the
accompanying dictionaries and the CSLS distance metric (Conneau et al., 2018).

provement from polyglot training is still somewhat smaller for GroC. This suggests that
while compositional models do benefit from polyglot training, the lack of word-specific
parameters prevents them from improving to the same degree.

5.4.3 Embedding spaces

To study why models with compositional embeddings improve less consistently from
crosslingual training, we study the alignment of the monolingual models” input embed-
dings with MUSE (Conneau et al., 2018). We use the MUSE dictionaries to learn and
evaluate supervised alignments between English and each target language. Given that
alignment scores reflect similarity of embedding spaces across languages, we hypothesize
that models that benefit most from joint crosslingual training will also see higher align-
ment scores, if the benefit of joint crosslingual training comes from being able to represent
different languages in a shared space.

Table 5.4 shows the results. Somewhat contrary to our hypothesis, the output embed-
dings of polyglot ELMo and GroC models result in better alignments, even though those
models saw smaller improvements in perplexity from joint crosslingual training. This may
reflect overall embedding quality. Embeddings for lookup models tend to obtain worse
monolingual word similarity scores than compositional models (ELMo and GroC) when
evaluated on the SEMEVAL17 data (Camacho-Collados et al., 2017) for German, Spanish,
and Italian (Table 5.5), suggesting that lookup models” embeddings are too noisy to align
when learned at this low-resource scale. This interpretation is also consistent with the per-
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tgt lang covered lookup ELMo GroC

words

de 263/500 | 0.08 0.01 0.21
es 289/500 | 0.04 0.17 0.37
it 291/500 | 0.07 0.16 0.29

Table 5.5: Monolingual word similarity results. Score is rho similarity (higher is better) as
evaluated by MUSE, before alignment. The same polyglot models (EN-tgt) as in Table 5.4
are used. “Covered words” indicates how many of the words in the evaluation dataset are
found in the model vocabulary; while compositional models could generate embeddings
for missing words, for a fair comparison we use the same vocabulary for all models in this
experiment.

plexity results shown in Table 5.2, where compositional models obtain better perplexity
scores than lookup models overall, presumably due to higher-quality word representa-
tions.

5.5 Initialization from ELMo-like Models

In this section, we examine whether the compositional embedding networks in models
trained with lookup output embeddings (e.g., ELMo) are also useful as output embedding
networks—essentially, whether the same information is learned by input and output com-
positional embeddings. To study this, we use compositional input & lookup output mod-
els to initialize GroC models, and examine the effect on language modeling performance
and total training time. Specifically, we take the convolutional surface form networks used
as input embeddings in the pretrained multilingual ELMo-like models in Section 5.4 and
replace those models’ original output embeddings with them. This results in a GroC-like
model without the need for pretraining with a compositional output embedding (which is
comparatively slow and memory-intensive).

The GroC models in Section 5.4 were trained using the same parameters for input and
output embedding; thus the resulting input and output embedding spaces are identical.
Because the ELMo models use different parameters for input and output embeddings, the
embedding spaces are not identical, nor even necessarily aligned. This means that simply
using an ELMo model’s compositional input embedding for the output is unlikely to work
well without finetuning, as the LSTM parameters will be adapted to map from the input
embedding space to the original output embedding space. However, we hypothesize that
the amount of finetuning required may be small enough to significantly shorten the total
training time compared to training a GroC model from scratch.

The results in Table 5.6 bear out these hypotheses. Without finetuning, the models’
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tot lan starter | equiv. random ELMo — GroC | ELMo — GroC | ELMo — GroC | ELMo — GroC

& & (ELMo) | GroC | (no train) (no ft) (ft 1 epoch) (ft 5 epoch) (ft 40 epochs)
fr 194 | 179 | 226214 | 1.55 x 109 313 234 176
de 419 | 403 | 475116 | 6.21 x 103! 799 518 432
nl 261 | 260 | 122231 | 6.93 x 107 445 392 252
es 232 | 206 | 154192 | 1.31 x 1023 360 285 205
it 323 | 299 | 167018 | 1.97 x 10'8 565 446 285
id 442 | 430 | 146486 | 3.61 x 1029 851 572 433
tl 159 | 154 | 251314 | 6.67 x 10%° 237 186 146
uk 679 | 561 | 248846 | 5.89 x 10'® 1149 801 530
ru 701 | 571 | 267432 | 6.52 x 10% 1268 826 567
Avg. | 379 | 340 | 228761 | 6.97x10%* | 665 | 473 | 336

Table 5.6: Perplexity for models initialized from the input embedding of an ELMo model.
“Starter (ELMo)” is the perplexity of the original model (EN-tgt polyglot), and “equiv.
(GroC)” is the corresponding GroC model for that language pair (also shown in Table 5.2).
“Random (no train)” is the perplexity of a randomly initialized model without training.
“(no ft)” indicates the model initialized based on the ELMo model but not finetuned after,
while “(ft)” indicates the model was finetuned for the stated number of epochs with an
initial learning rate of 0.001. Bold indicates models that surpass the corresponding GroC
model trained from scratch for 100 epochs.
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perplexity is dramatically worse than even untrained models, reflecting the misalignment
between input and output embedding spaces in the original ELMo-like model. The prefix
function’s output is optimized for the old embedding space, and the new output embed-
ding space (without finetuning) is highly structured, yet inconsistent with the old one;
as a result, rather than just selecting words from the vocabulary at random, the model is
anti-optimized to predict consistently-wrong words. However, after finetuning for only
1 epoch, the performance is in the range of an equivalent lookup model, and in only 40
epochs, compared to 100 for the models trained from scratch, the finetuned models consis-
tently surpass the performance of the ELMo models used to initialize them and frequently
surpass the performance of a GroC model trained from scratch for the same language pair
(compare to Table 5.2). This suggests a productive direction for future work would be to
further optimize the initialization procedure, perhaps by using an auxiliary loss to keep
the input and output embeddings of the ELMo model aligned, to obtain high-performing
GroC models at even lower computational cost. See Appendix C for details of the devel-
opment experiments used to determine the finetuning procedure used in this section.

5.6 Related Work

Edunov et al. (2019) use the input representations from pretrained ELMo models in an
encoder-decoder machine translation model and find that they are effective only in the
encoder, and hurt performance when used as the target-language inputs to the decoder.
Our results suggest that compositional representations can be useful when decoding for
language modeling, even when originally trained as input representations, but require di-
rect finetuning of the representations; further study on initialization from ELMo models
may be useful to explain this difference. For example, finetuning only the contextualizer,
or freezing the parameters learned as part of the ELMo model and learning a linear trans-
formation between the contextualizer hidden state and the output embedding, could de-
termine whether finetuning is needed to add new information to the embedding function,
or if it only corrects the alignment between hidden space and embedding space.

In this work, we do not compare to subword embedding methods such as BPE (Sen-
nrich et al., 2016) or unigram language model encoding (Kudo, 2018), which are commonly
used in large language models. While these methods address some of the same concerns as
GroC, subword methods are primarily motivated by computational concerns: minimizing
the vocabulary size and sequence length for more efficient training. They do not provide a
means for the incorporation of monolingual or crosslingual lexical database features, other
forms of crosslingual supervision or word-level evaluation, which would make direct com-
parison to models using other embedding methods (with different vocabularies) possible.
Algorithms that determine a vocabulary from the training data may also be more vulner-
able to domain transfer issues when applied at very small scales where the proportions of
character patterns in the training data may not be representative of the unseen vocabulary.
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Nevertheless, subword lookup embeddings are known to be a highly successful method
when applied at scale, and future work considering them in a low-resource context could
help with the application of insights from large language models to the low-resource con-
text.

5.7 Summary

In this chapter, we applied GroC, the compositional output language model from Chapter
4, to a multilingual setting, and showed that it is an effective architecture for low-resource
language modeling whether trained monolingually or crosslingually. We found that while
crosslingual lexicons provided only minor improvements, purely character-based word
representations were still effective for crosslingual modeling, consistent with our earlier
results in Chapter 3. We also showed that GroC models learn high-quality embeddings that
achieve high crosslingual alignment scores, allowing the creation of vocabulary-independent
multilingual embedding spaces. Finally, we found that quick-training compositional input
embeddings learn much of the same information as compositional output embeddings, al-
lowing faster production of GroC models through a two-stage training procedure. These
results demonstrate the usefulness of both compositional and polyglot models.

One finding of this chapter is that lexical features such as related words and definitions
were less useful in the crosslingual setting than when applied monolingually in Chapter
4. One possible reason is noise due to poor matching of word sense between languages. A
more careful approach, incorporating richer information such as part-of-speech and con-
textual word sense disambiguation, might be able to improve modeling of low-resource
languages without requiring more text. On the other hand, the use of crosslingual lexi-
cons was also limited by the availability of such lexicons for only a few of our languages
of interest, and limited vocabulary coverage within those languages. Future work could
instead make use of less expensive resources such as bilingual dictionaries as proxies for
crosslingually related words.
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Chapter 6
CONCLUSION

In this dissertation, we have improved models of natural language in low-resource set-
tings through crosslingual joint training (polyglot modeling) and vocabulary-independent
parameterizations. Our results showed that each of these approaches, as well as their
combination, are promising for flexible and adaptable low-resource models of natural lan-
guage. This work suggests several directions for future research.

6.1 Contributions

In Part I, we presented research that takes a “polyglot training” approach to multilingual-
ity, in which models are trained on data from multiple languages. We used this approach
for both supervised models and language models, and evaluated it on several structured
prediction tasks. Chapter 2 presented a semantic role labeling model trained on language
pairs with dissimilar labeling schemes, which used multilingual word vectors to process
language-mixed data in a shared representation space. We found that joint crosslingual
training can automatically learn to bridge the gap between languages and annotation
schemas. Then, Chapter 3 applied the crosslingual joint training approach to language
models to produce multilingual contextualized word representations. Our experiments
showed that these representations could be used to improve results on structured predic-
tion tasks such as semantic role labeling, named entity recognition, and Universal Depen-
dencies parsing even in comparatively high-resource settings (Sections 3.3-3.6) but more
significantly in low-resource ones (Sections 3.7-3.8), outperforming other approaches. This
demonstrated the relevance of polyglot training to low-resource NLP.

In Part II, we discussed models that addressed the low-resource problem through com-
positional word representations, sharing statistical strength between rare and common
words. GroC (Chapter 4) used a word’s character sequence, related words, and defini-
tion to generate a representation that also informed the representations of related words.
This parameterization led to improved learning for rare words and improved language
modeling on small datasets overall, including for domain adaptation, indicating that com-
positional representations could be useful for modeling low-resource languages. Finally,
Chapter 5 extended GroC to a multilingual setting, showing that compositional embed-
dings could also benefit from polyglot training. Models using this combined strategy
achieved the best language modeling results of any model type in our comparison, even
outperforming baseline models with twice as much data. We also showed that multilingual
compositional embeddings could be aligned crosslingually better than traditional lookup
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embeddings, suggesting that vocabulary-independent models could have benefits for ap-
plications outside of language modeling.

6.2 Future work

Refining language similarity This work, as well as other contemporary work (Pires et al.,
2019; Singh et al., 2019; Lauscher et al., 2020, inter alia) implies that transfer via polyglot
training is more effective between related languages (see Chapters 3 and 5). Further ex-
amination of whether the same aspects of language similarity are equally important for
all tasks could improve the selection of source languages for polyglot models. Alterna-
tively, narrowing down the relevant aspects in which languages must be similar for good
crosslingual transfer may provide insight in how to bridge the gap between more distantly
related languages.

Language modeling with even less text Multilingual GroC (Chapter 5) enabled the cre-
ation of multilingual, vocabulary-independent word embedding spaces. A key feature of
vocabulary independence is that representations can be created for words unseen during
training of the compositional embedding function. While our experiments with crosslin-
gual lexicons in Chapter 5 did not show large improvements over simple polyglot training
without crosslingual supervision, future work could lean more extensively on such super-
vision to remedy training data imbalance. For example, target language words present in
a crosslingual lexicon could be used to improve the target language embedding space via
crosslingual alignment, similar to (Faruqui et al., 2015), whether or not they are present in
the target language corpus. In the limit, a target language embedding space could theoret-
ically be constructed solely from a crosslingual lexicon and source language embeddings,
yet extend to cover additional target language words not present in the lexicon. Further
research along these lines could be important for handling languages with linguistic doc-
umentation yet small amounts of digitized text.
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Appendix A
POLYGLOT LANGUAGE MODELS (SUPPLEMENTARY)

In this supplementary material, we provide hyperparameters used in our models for
easy replication of our results.

A.1 Language Models

Seen in Table A.1is a list of hyperparameters for our language models. We generally follow
Peters et al. (2018) and use their publicly available code for training.! For character only
models, we halve the LSTM and projection sizes to expedite training and to compensate
for the greatly reduced training data—their hyperparameters were tuned on around 30M
sentences, while we used less than 3M sentences (60-70M tokens) per language.

A.2 UD Parsing

For UD parsing, we generally follow the hyperparameters provided in AllenNLP (Gardner
et al., 2018). See a list of hyperparameters in Table A.3. We use stratified sampling so that
each training mini-batch has an equal number of sentences from the source and target
languages.

A.3 Semantic Role Labeling

For SRL, we again follow the hyperparameters given in AllenNLP (Table A.2). The one
exception is that we used 4 layers of alternating BiILSTMs instead of 8 layers to expedite
the training process.

A.4 Named Entity Recognition

We again use the hyperparameter configurations provided in AllenNLP. See Table A .4 for
details.

A.4.1 Multilingual Word Vectors

We train our word type representations used for non-contextual baselines with fastText
(Bojanowski et al., 2017). We use window size 5 and a minimum count of 5, with 300

Mttps://github.com/allenai/bilm-tf


https://github.com/allenai/bilm-tf

Character CNNs

82 Char embedding size 16
(# Window Size, # Filters) (1, 32), (2, 32), (3, 68), (4,
128), (5, 256), 6, 512), (7,
1024)
Activation Relu
Word-level LSTM
LSTM size 2048
# LSTM layers 2
LSTM projection size 256
Use skip connections Yes
Inter-layer dropout rate 0.1
Training
Batch size 128
Unroll steps (Window Size) 20
# Negative samples 64
# Epochs 10
Adagrad (Duchi et al., 2011) Irate | 0.2
Adagrad initial accumulator value | 1.0
Table A.1: Language Model Hyperparameters.
dimensions.

A.5 Other Low-Resource Simulations

In addition to the 100-sentence low-resource condition described in Section 3.8, we simu-
lated low-resource experiments with 500 and 1000 sentences of target language data, and
zero-target-treebank experiments in which the parser was trained with only source lan-
guage data, but with multilingual representations allowing crosslingual transfer. See Table
A5 for these results. The additional low-resource results confirm our analysis in Section
3.8.2: polyglot training is more effective the less target-language data is available, with a
slight advantage for related languages.

A.6 UD Treebanks

Additional statistics about the languages and treebanks used are given in Table A.6.



Input

Predicate indicator emb | 100
size
Word-level Alternating BiLSTM
LSTM size 300
# LSTM layers 4
Recurrent dropout rate 0.1
Use Highway Connection | Yes

Training
Batch size 80
# Epochs 80
Early stopping 20
Adadelta (Zeiler, 2012) | 0.1
Irate
Adadelta p 0.95
Gradient clipping 1.0
Table A.2: SRL hyperparameters.

Input
POS embedding size
(when used)
Input dropout rate

100

0.3

LSTM size

#LSTM layers
Recurrent dropout rate
Inter-layer dropout rate
Use Highway Connec-
tion

Word-level BiLSTM

400
3
0.3
0.3
Yes

Multilayer Perceptron, Attention

Arc MLP size 500

Label MLP size 100

# MLP layers 1

Activation Relu
Training

Batch size 80

# Epochs 80

Early stopping 50

Adam (Kingma and Ba, | 0.001

2015) Irate

Adam 5 0.9

Adam [ 0.999

83

Table A.3: UD Parsing Hyperparameters.



Char-level LSTM
Char embedding size 25

Input dropout rate 0.5
LSTM size 128
#LSTM layers 1
Word-level BILSTM
LSTM size 200
#LSTM layers 3

Inter-layer dropout rate | 0.5
Recurrent dropout rate | 0.5
Use highway connec- | Yes
tion

Multilayer Perceptron
MLP size 400
Activation tanh

Training
Batch size 64
# Epochs 50
Early stopping 25

Adam (Kingma and Ba, | 0.001
2015) lrate
Adam (5, 0.9

Adam 5, 0.999
L2 regularization coef- | 0.001
ficient

Table A.4: NER hyperparameters.




|1D;| =0 |D| = 100 |D| = 500 |D| = 1000
target | +eng +rel. | mono +eng +rel. | mono +eng +rel. | mono +eng +rel
ARA | 10.31 2047 | 6250 7339 7343 | 76.15 79.55 79.16 | 79.43 81.38 81.49
HEB | 23.76 24.89 | 64.53 7486 75.69 | 79.27 8235 82.92 | 8259 84.59 84.70
HRV | 48.69 67.67 | 63.49 7921 82.00 | 80.80 8492 85.89 | 84.14 86.27 86.66
RUS |38.69 73.24 | 59.51 75.63 79.29 | 77.38 83.16 84.60 | 8290 85.68 86.99
NLD | 61.68 7290 | 57.12 7490 77.01 | 75.19 82.42 8133 | 81.41 84.93 83.23
DEU |51.18 68.66 | 60.26 7252 73.45 | 7294 77.88 77.68 | 76.46 78.67 7857
SPA | 55.85 75.88 | 64.97 80.86 81.55 | 79.67 84.88 84.63 | 8297 86.69 86.81
ITA 59.71 78.12 | 69.17 84.63 8351 | 8296 88.96 8791 | 87.03 90.22 89.32
CMN | 816 534 | 53.36 63.63 6147 | 71.94 7488 74.98 | 77.42 79.07 78.96
JPN 412 11.66 | 7237 80.94 80.24 | 86.20 87.74 87.74 | 88.74 89.08 89.32
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Table A.5: LAS for UD parsing with additional simulated low-resource and zero-target-

treebank settings.
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Lang Code ‘éVALS WALS 81A Size Treebank Genre
enus (# sents.)

English eng Germanic SVO EWT blog, email, reviews, so-

cial
Simulation Pairs

Arabic ara Semitic VSO/SVO 5041 PADT news

Hebrew heb Semitic SVO HTB news

Croatian hrv Slavic SVO 6983 SET news, web, wiki

Russian rus Slavic SVO SynTagRus contemporary fiction,
popular, science, news-
paper, journal articles,
online news

Dutch nld Germanic SOV/SVO 12269 Alpino news

German deu Germanic SOV/SVO GSD news, reviews, wiki

Spanish spa Romance SVO 12543 GSD blog, news, reviews, wiki

Italian ita Romance SVO ISDT legal, news, wiki

Chinese cnn  Chinese SVO 3997 GSD wiki

Japanese jpn Japanese SOV GSD wiki

Truly Low Resource and Related Languages

Hungarian | hun Ugric SOV/SVO | 910 Szeged news

Finnish fin Finnic SVO 12217 TDT news, wiki, blog, le-
gal, fiction, grammar-
examples

Vietnamese | vie Viet-Muong SVO 1400 VTB news

Uyghur uig Turkic SOV 1656 UDT fiction

Kazakh kaz Turkic SOV 31 KTB wiki, fiction, news

Turkish tur Turkic SOV 3685 IMST nonfiction, news

Table A.6: List of the languages and their UD treebanks used in our experiments (expanded
from Table 3.3).
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Appendix B
GROUNDED COMPOSITIONAL OUTPUTS (SUPPLEMENTARY)

We report here the computer infrastructure and experimental details, including hyper-
parameter bounds, hyperparameter optimal values, training speed, development scores,
for all of the experiments in Chapter 4 where applicable. We also provide a comparison
with state of the art by taking into account the number of model parameters and guide the
reader through the replication effort we did to reproduce the neural cache by Grave et al.
(2017a).

B.1 Conventional Language Modeling

For the experiments with a closed vocabulary on penn! and wikitext-2,2 we used the
following computing infrastructure: 5 GeForce RTX 2080 Ti gpu cards. Our codebase is
based on Pytorch® and is publicly available on Github.*

B.1.1 Model Configuration

The prefix network used by all output embedding methods is a vanilla recurrent neural
network based on the implementation by Merity et al. (2017)° with 2 layers and 1024 LSTM
units, regularized with hidden unit dropout of 0.65 along the lines of Grave et al. (2017a).
The maximum length of the relational and definitional forms from Wordnet is set to 3 and
10 without search based on our computational budget.® The embedding size is set to 300
for penn and 256 for wikitext2. For optimization we use Adam with a learning rate of
0.001, initial weight uniformly sampled in the range [—0.05, 0.05], and a batch size of 20 for
penn and wikitext2. We clip the norm of the gradient to 0.1 and unroll the network for
35 steps. The learning rate is multiplied by 0.1 if the development loss does not decrease
for 4 consecutive epochs and we perform early stopping if there is no improvement for 8
consecutive epochs.

1www.fit.vutbr.cz/~imikolov/rnnlm/simple—examples.tgz

253.amazonaws.com/research.metamind.io/wikitext/wikitext-2-vl. zip
3pytorch.org/getfstarted

Ygithub.com/Noahs-ARK/groc

5github.com/salesforce/awdflstmflm

SWe expect that a larger budget would generally allow to increase these limits and obtain even better
results.


www.fit.vutbr.cz/~imikolov/rnnlm/simple-examples.tgz
s3.amazonaws.com/research.metamind.io/wikitext/wikitext-2-v1.zip
pytorch.org/get-started
github.com/Noahs-ARK/groc
github.com/salesforce/awd-lstm-lm
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Hyperparameter abbrev. range trials

Output dropout r {0,0.1,...,1.0} 10

Linear correction cor {32,64,128} 3

Adaptive cutoffs cut  {253,721,118,226, 6
424,334}

Output net depth k {0,1,2,3,4} 4

Output net activation  act  {relu, selu,tanh} 3

Table B.1: Hyperparameters, range of values, and, number of trials required to search
them. Adaptive cutoffs are read as follows: e.g. for 253 the cutoff array contains [0.2 x
n,0.5*n,0.3 * n] ,n = |V| words per bin.

B.1.2 Hyperparameter Optimization

For all methods, the hyperparameter selection of output embedding dropout rate (r), out-
put network depth (k) and activation (act), linear “correction”, and adaptive frequency
cutoffs was conducted by grid search over specific range of values given in Table B.1 on
development data. Note that not all the hyperparameters apply to all methods, as can be
seen in Table B.2 where we report the optimal hyperparameter values for each of the meth-
ods. For all the baselines we performed exhaustive grid search on both datasets, but for our
method we performed grid search only on penn and searched manually on wikitext-2
by selecting values of hyperparameters that were ranked high based on the grid search on
penn to avoid the increased cost that comes with training our method (see speed compar-
ison in Appendix B.1.4). The total number of trials for all methods including our ablations
were 204 and 67 respectively for penn and wikitext-2 respectively. Note that the re-
duced number of trials is due to not performing exhaustive search for our method and its
ablations as explained above. The number of trials per method can be derived by multi-
plying the non-zero columns per row with the number of trials required for each column.

B.1.3  Development Scores

Table B.3 displays the development scores and number of parameters along with the test
perplexities for our model and all the baseline output embedding methods for our main
experiment. The development scores for the models of the ablation study and for the
base models of the coverage experiment have already been given in Table 4.3 in the main
paper (Section 4.5.3). Overall, we can observe that in most cases the ranking based on the
development scores is indicative of the ranking of the methods according to the test scores.
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penn wikitext?2
Method r cor cut k act| r cor cut k act
Lookup table 0.1 - - - - 02 - - - -
Convolutional 0.1 128 - - - 01182 - - -
Tied 00 - - - -100 - - - -
Bilinear 05 - - - -104 - - - -
Deep residual 0.5 - - 4selul06 - - 1selu
Adaptive 03 - 2k7k- - |02 - 6k21k- -
GroC (ours) 02 - - 0 - |02 - - 1relu
— relations 03 - - 0 -103 - - 1selu
— definitions 02 - - 0 - (03 - - 2relu
— both 03 - - 0 -103 - - 1selu

Table B.2: Best hyperparameter values per method.

penn wikitext?2

Method [©] dev. test |©] dev. test

Lookup table 13M 935 90.8 23M 113.8 108.3
Convolutional 13M 104.0 101.6 23M 121.2 116.6

Tied 10M 88.6 86.2 15M 101.0 97.3
Bilinear 10M 87.0 83.7 15M 101.3 959
Deep residual 10M 84.0 80.5 15M 100.1 94.7
Adaptive 8M 84.0 793 9M 958 90.7

GroC (ours) OM 725 695 9M 87.0 825

Table B.3: Development and test scores on conventional language modeling benchmarks
with closed vocabulary. || denotes the total number of model parameters.
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B.1.4 Training Speed

Table B.4 displays the average training speed per epoch in seconds for each of the methods.
This experiment was run on a single, dedicated” GeForce RTX 2080 Ti. As we mentioned
in Section 4.4.1, even though our model has vocabulary-size independent parameteriza-
tion it is not independent of the computation that is required to encode the vocabulary.
This has a negative impact on the training speed of GroC, making it a bit slower than the
Convolutional method, namely 1.3x slower.

To mitigate this problem we recommend training GroC with sparse updates for the
output embedding parameters as described in the main paper (Section 4.4.2). Concretely,
at each training iteration with probability p we make a full update and keep the output
embedding frozen otherwise. The rest of the network is trained with full updates as be-
fore. We can observe that this optimization strategy makes GroC nearly as efficient as the
baselines with p = 0.1 or p = 0.3. In particular, it becomes even faster than the convolu-
tional baseline by 2.1x. Furthermore, our best model with p = 0.3 which is much faster
reaches 75.3 perplexity on penn without additional hyperparameter optimization which is
still —4 points lower than the second best, adaptive output embedding; tuning the model
from scratch should likely lead to even better results. This is quite encouraging because it
means that the benefits of our model need not come with a large computational cost. In
future work, the training speed could be optimized even further by devising specialized
efficient training methods for compositional outputs.

B.1.5 Comparison with State-of-the-Art Models

Table B.5 displays several state-of-the-art models which have number of parameters rang-
ing from 9M to 20M on Penn Treebank. We can observe that our model which has only
9.7M parameters achieves better performance than all the models that have lower than or
equal to 21M parameters and even the model by Inan et al. (2017) which has 24M parame-
ters. Note that our model has lower perplexity than the pointer sentinel mixture model by
Merity et al. (2017) and the neural cache model by Grave et al. (2017a) while having 11M
less parameters than them.

Moreover, it is very close to the other models which have around 23-25M parameters
without being highly regularized (weight dropout, input dropout) or having advanced
optimization strategies (SGD + ASGD, finetuning) like AWD-LSTM (Merity et al., 2017).
Training larger models and investigating the potential of competing with even higher ca-
pacity models is an interesting direction which we hope will be explored in future studies.

"By dedicated GPU card here we mean that no other processes were using the GPU card when we per-
formed the experiments for each of the methods.



Method penn wikitext-2
Lookup table 195 59.5
Convolutional 201.2 1301.9
Tied 18.6 53.6
Bilinear 35.0 120.1
Deep residual 61.2 114.5
Adaptive 27.2 77.6
GroC (ours) 259.8 1813.5
—10% updates ~ 236.3 1627.7
— 30% updates 173.5 1262.9
— 50% updates 131.5 936.4
— 70% updates 95.2 669.0
— 90% updates 46.0 299.0
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Table B.4: Training speed for each method. We report the average time in seconds to com-

plete one epoch.

Model |O| test
Mikolov and Zweig (2012) - RNN-LDA oMt 92.0
Zaremba et al. (2014) - LSTM 20M 82.7
Gal and Ghahramani (2016) — Var. LSTM 20M 78.6
Kim et al. (2016) — CharCNN 19M 78.9
Merity et al. (2017) — Pointer Sentinel-LSTM 21M 70.9
Grave et al. (2017c) — LSTM + cont. cache - 721
Inan et al. (2017) — Tied Variational LSTM 24M 732
Zilly et al. (2017) — Variational RHN 23M 654
Zoph and Le (2016) — NAS Cell 25M 64.0
Merity et al. (2018) - AWD-LSTM 24M 58.8
Ours - LSTM 10M 86.2
Ours — LSTM + GroC (sur,rel,def) 9.7M 69.5

Table B.5: Comparison with state-of-the-art models of comparable size to that of Grave
et al. (2017a) and Merity et al. (2017) on the penn dataset.
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Figure B.1: Training and validation loss for GroC and the tied model during finetuning on
near domains.
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near domains far domains
Model 2007 — 2008 2009 2010 2011 ‘ Web Wiki
Tied + finetuning - ‘ 16744 17595 177.46 180.63 ‘ 144.13 232.06
Grounded + finetuning - ‘ 146.84 15229 155.27 158.21 ‘ 21299 188.25

Table B.6: Validation perplexity for finetuned models on cross-domain language modeling.

B.2 Cross-Domain Language Modeling

For the experiment in cross-domain language modeling, we used the following computing
infrastructure: 2 GeForce RTX 2080 Ti and 2 TITAN RTX GPUs to train and finetune our
GroC models, and 2 Tesla P100 GPUs to train and finetune the baselines and to perform
hyperparameter search.

B.2.1 Finetuning Dynamics

Figures B.1 and B.2 show the loss on the training and validation data for the target domain
during finetuning. GroC generalizes better from the training to the validation data than
the tied model, consistently having lower validation loss. The training loss for GroC con-
sistently starts out lower than that the of the tied model, showing that it has less difficulty
adapting to the new data, and ends up higher, indicating greater regularization vs the tied
model.

The web dataset is a clear outlier, in which the tied model improves much more dramat-
ically than in any other domain. The difference in validation performance here is reflected
in the test perplexity (Table 4.6) but does not have a clear explanation.

Finetuning (web) Finetuning (wiki)
6.2
A\ — GroC 6.25 — GroC
6.0 —e— GroC (valid) : —e— GroC (valid)
958 stat?c : @ 6.00 static .
o static (valid) 2 static (valid)
v 56 u 575
g —_— g‘
5.2 5.25
>0 5.00
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Finetuning batches Finetuning batches

Figure B.2: Training and validation loss for GroC and the tied model during finetuning, on
far domains.
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B.2.2 Data

As described in Section 4.6, the choice of data and preprocessing used for the cross-domain
experiments are based on Grave et al. (2017a). News Crawl and Common Crawl can be
downloaded from the WMT 2014 website.> WikiText-103 was downloaded from Salesforce
website?. For the News Crawl datasets, the first 2M tokens of the English data for each year
were used as the train set, the next 2M tokens as the validation set, and the next 10M tokens
as the test set. The same procedure was used for web (Common Crawl), for which we used
the English portion of the English-German aligned data. While Grave et al. (2017a) de-
scribes the Common Crawl data as shuffled at the sentence level, we found that most sen-
tences seemed closely related to adjacent sentences, so after creating train/valid /test splits
for this dataset we re-shuffled each file. WikiText-103 comes divided into train/valid/test
splits, so we used the first 2M/2M/10M tokens of each split respectively for our dataset.
All data was then tokenized using the Europarl tokenizer!? and lowercased.

Our data preprocessing can be replicated with the script create-data. sh, available
with the code for GroC.!!

B.2.3  Finetuning Validation Results

Because no target-domain training is required for most of our cross-domain experiments,
validation scores were not computed for most model-domain combinations; however, we
report the validation perplexity for the finetuned models in Table B.6, to aid in replication.

B.2.4 Hyperparameter Selection

Cache hyperparameters were selected via grid search, with 6, the flattening hyperparam-
eter described in Grave et al. (2017c), ranging over 5 values from 0 to 1, and A ranging
over 5 values from 0.833 to 0.966 (bounds which were selected based on the optimal hy-
perparameter ranges in (Grave et al., 2017c)). Perplexity of a model trained on 2007 and
evaluated on the 2008 validation set was the metric used to select the optimal hyperpa-
rameters: A = 0.966 for unigram and neural cache and 6 = 0.5 for neural cache. Because
the cache is only used during evaluation, this hyperparameter search was quite efficient to
carry out using the tied model, requiring no additional training, only 25 evaluation runs

on the validation set. This hyperparameter search is illustrated in Figure B.3.
We then used the same hyperparameters for all cache models. This provides a slight

advantage to the tied model, as the optimal hyperparameters for GroC might be different

8www.statmt.org/wntl4d/translation-task.html

9blog.einstein.ai/thefwikitextflongftermfdependencyflanquagefmodeliandataset/
10statmt.org/europarl/v7/tools.tgz

"github.com/<anon>/groc


www.statmt.org/wmt14/translation-task.html
blog.einstein.ai/the-wikitext-long-term-dependency-language-modeling-dataset/
statmt.org/europarl/v7/tools.tgz
github.com/<anon>/groc
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Figure B.3: Validation accuracy for various hyperparameter settings on the 2008 valida-
tion set.
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Figure B.4: Validation accuracy for various hyperparameter settings on the penn valida-
tion set.

from those selected with the tied model. A cache size of 5,000 was used during hyper-
parameter tuning, but at test time we used 10,000 for all experiments based on its use in
Grave et al. (2017a). Figure B.4 shows a separate hyperparameter search performed over
the penn validation set to confirm the accuracy of our neural cache reimplementation.
Compare to Figure 2a in Grave et al. (2017c); note their A is 1 minus ours.

For GroC, we also selected a downweighting hyperparameter dw, based on validation
performance on the wiki dataset only. We searched over 5 values (0.1, 0.3, 0.5, 0.7, and 0.9)
using GroC with the neural cache, and selected dw = 0.1 as the best value with a validation
ppl of 154.01.
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Appendix C

POLYGLOT COMPOSITIONAL OUTPUT EMBEDDINGS
(SUPPLEMENTARY)

C.1 Model Configuration

Our language model configuration is closely based on the one used in Chapter 4. The prefix
network used for all models is a recurrent neural network based on the implementation
by Merity et al. (2017)! with 2 layers and 1024 LSTM units, regularized with hidden unit
dropout of 0.65 along the lines of Grave et al. (2017a). We use an embedding size of 256,
and sample initial weights uniformly in the range [-0.05,0.05]. Due to the computational
cost of training GroC models, we did not perform an independent hyperparameter search
on the wiki40b datasets used in Chapter 5. We use the hyperparameter values that were
found to be optimal for the penn dataset in Chapter 4, with no residual network (i.e. depth
0), and an output dropout of 0.2.

For training with a language modeling objective, we use an initial learning rate of 0.001,
which is divided by 10 if the development loss does not decrease for 4 consecutive epochs,
and perform early stopping if the development loss does not decrease for 8 consecutive
epochs.

C.2 Hyperparameter Optimization: ELMo Initialization

For finetuning GroC models initialized from an ELMo-like model (Section 5.5), we per-
formed a hyperparameter search over initial learning rates for the English-French language
pair. We searched over 10 values (0.01, [5,2,1] x [0.001,0.0001,0.00001]) and found that a
learning rate of 0.001 performs best (the same as we use for training a model from ran-
dom initialization) despite the significantly shorter training time required for good perfor-
mance.

lgithub.com/salesforce/awd-1lstm-1m


github.com/salesforce/awd-lstm-lm
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