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Grammaticality in neural natural language generation
Abstract
Sequence to sequence (seq2seq) models are often employed in settings where
the target output is natural language. However, the syntactic properties of the
language generated from these models are not well understood. We explore
whether such output belongs to a formal and realistic grammar, by employing the
English Resource Grammar (ERG), a broad coverage, linguistically precise
HPSG-based grammar of English. From a French to English parallel corpus, we
analyze the parseability and grammatical constructions occurring in output from
a seq2seq translation model. Over 93% of the model translations are parseable,
suggesting that it learns to generate conforming to a grammar.
To provide a foundation for these results, the thesis first introduces natural
language generation (NLG), the neural approach to NLG, and some
introductory syntax. After introducing the seq2seq model, we connect its
application in NLG and present our results in machine translation as a case study
of seq2seq in the NLG domain. We propose potential future work to observe
grammaticality in diversity sampling language generation settings and syntactic
style in low-resource settings.
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1.3.1 An example of a grammatical illusion caused by agreement attraction. The bold “keys” is the main subject and should agree
in number with the main verb “are”. However, human tendencies have been shown to associate the number of “are” with the
closest intervening noun (underlined) [7]. In the case of “the
cabinet”, this noun is not only intervening, but also an attractor
- its number differs from the subject, increasing the acceptability
of an ungrammatical sentence (“the keys to the cabinet is...”). . .
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are parser derivations in the ERG of both the reference and NMT
translation. The ERG is described in §2.2. Non-syntactic rules
have been omitted. The NMT model is trained and tested only
on sentence pairs where the reference is parseable by the ERG.
The NMT translation may not always be parseable. Analysis on
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Introduction

This thesis focuses on evaluating the quality of task-based language
generation systems. Before conducting experiments, I had a few goals in mind for
evaluation (which I still, and likely will continue to, keep close to my research
agenda). My evaluation methods should
1. apply generally to any language generation task.
2. reflect model performance in practice.
3. be automatically computed.
and, as with any form of evaluation, reliably correlate with human judgment.
Regrettably, this is a less than perfect introduction.
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There are assumptions I have made in outlining these goals alone. The first is in
“task-based” language generation. While our models and techniques seem to
converge across language generation tasks, we have not yet seen models of a
general language generation facility cut across these tasks (this may change, see
Radford et al. [47]), as it has in language understanding research [45]. The
second is that evaluation should “apply generally,” but past research has, in
contrast, seen success in metrics developed for specialized applications (e.g.
summarization [35]). The final assumption is in correlation with human
judgment. Evaluations based on estimating theoretical quantities can also be
informative [23].
What does this leave for the content in this thesis? Evaluations that satisfy my
three criteria may still be exciting as they are practical and leave room for the
application of linguistic knowledge and natural language understanding
technologies. This chapter will lay the groundwork for an evaluation method of
grammaticality in language generation [65]. To do this, we will introduce a
probabilistic model of language generation (§1.1), some tasks (§1.1.1, §1.1.2),
the neural approach to generation (§1.3), and finally introduce some syntax from
linguistics (§1.4).

1.1

Natural language generation

A wide range of natural language processing applications such as machine
translation [27], dialog, and summarization require capability in natural language
generation [NLG; 5]. Probabilistically, language generation may be viewed as
p(y1 , . . . , yT ) =

T
∏

p(yk |(y1 , . . . , yk−1 ))

(1.1)

k=1

where each yi is in some finite vocabulary Σ, and (y1 , . . . yT ) is a sequence of
output tokens in the set of all possible sequences Σ∗ . Factorizing over timesteps
allows us to assign probabilities over Σ∗ through the products of a tractable
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problem: at timestep k, assign a probability over Σ for the next token yk , given the
previous history. A probabilistic model over sentences, or a language model, is a
foundational tool [58] - perhaps high probability samples from this model are
sentences we would wish to speak.
However, sentences are rarely spoken in vacuum. Our task at hand may require
generating an English translation given some Chinese (§1.1.1), or a
conversational response to a query (§1.1.2). In any case, our language generation
problem can be cast to a conditional one as such
p(y1 , . . . , yT |c) =

T
∏

p(yk |c, (y1 , . . . , yk−1 ))

(1.2)

k=1

where c is the context of generation. In machine translation, c = (x1 , . . . , xN )
may be an input sequence of tokens in another language, but we should not limit
our imaginations here - c may be a knowledge base [64], or even a molecular
compound [69].
This probabilistic framework is adopted by many machine learning algorithms
applied to language generation problems, including neural approaches described
in §1.3. By far, this is not the only way of designating what we wish to speak, and
§1.4 introduces some perspectives from the field of Linguistics.
1.1.1 Machine Translation
The act of translation is to transform a string in one language to a meaning (and
possibly stylistically) equivalent string in another. An example for English to
Chinese translation and vice versa from Google Translate1 has been provided
1

https://translate.google.com
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below:
Reaching human-level fluency may be possible.
→ 达到人类流利可能是可能的。

(1.3)

达到人类的流利程度是有可能的。
→ It is possible to reach human fluency.

(1.4)

besides the practical applications (e.g. resource accessibility [69] and national
security [25]), translation is a difficult problem that merits our scientific study.
Imagine, for a moment, the existence of a universal translator. For a model to
achieve universal understanding, this model must pick up on properties intrinsic
to human language [56]. To correctly translate from one language to another, this
translator may have an intermediate representation that captures relevant aspects
of meaning and style [29]. Refer to Koehn [31] for a short history and reference
on statistical machine translation.
Now what makes a translation good? In the MT community, translations are
often thought to have two dimensions: adequacy and fluency [9]. A translation is
adequate if it conveys the necessary information. A translation is fluent if it sounds
natural. These two dimensions may be relevant among other NLG tasks as well.
For instance, summarization may take into account these two features in addition
to a feature of summary length [36]. In practice, it makes sense to evaluate
output translations on one dimension only - the question used to elicit intrinsic
judgments from humans would be “How well does this translation reflect the
meaning of the reference translation?” [8].

4

1.1.2 Dialog
The act of conversing is to respond thoughtfully (and possibly engagingly) given
the context of the dialog. An example response from Siri is given below
Me: Is fluency an issue for natural language generation?
Siri: Here's what I found on the web... [Search results]
which, by my judgment, is unsatisfactory. There have been great philosophical
arguments over the implications of responding satisfactorily. Turing [62]
proposed a test (now known as the “Turing test”), of whether a machine could
generate responses indistinguishable from a human. For a machine to pass this
test provokes the question of whether this machine is intelligent. Turing argued
that, yes, this is sufficient criteria to be deemed intelligent. Refer to Searle [53]
for a (famous) counterargument about a room that translates Chinese.
Now what makes a response good? Perhaps we might first turn to our
wine-drunk ancient Greek philosophers. Aristotle believed persuasion was
tripartite - it could be achieved through the character of the speaker, the
emotional state of the listener, or the argument (logos) itself. [48]. In addition, he
taxonomized three forms of argumentative speech. There are the deliberative
species, which advises or warns. Then there are the judicial species, which either
defends or accuses. Finally, there is the third species, which does not aim to
persuade, it tries to describe a deed in the orator’s opinion.
We may want to turn to linguists for a more closely motivated perspective. To
describe our choice of utterances, Grice [22] outlined five maxims. They are
• Maxim of quantity. Speakers give as much information as needed, and no
more.
• Maxim of quality. Speakers are truthful, and do not give claims that are
not supported by evidence.
• Maxim of relation. Speakers mentions only those that are pertinent to
5

the discussion.
• Maxim of manner. Speakers try to be as clear, orderly, and brief as
possible.
However, these maxims are far from comprehensive and may overlap in their
roles. These maxims are also hard to specify computationally. Note that there
exists a Bayesian framework for pragmatic reasoning [21].
In practice, we may punt on our definitions and evaluate in a manner similar to
MT. To determine whether a response was satisfactory, we can use a question
such as “how appropriate was this response?” to elicit human judgments on a
response’s intrinsic quality.

1.2

Automatic evaluation

There are two main problems with human annotation of system output quality:
1) it is time-consuming and expensive - for certain research questions that
involve hyper-parameter tuning or architecture searches, the amount of human
annotation makes such studies infeasible [10, 39]. 2) It does not facilitate
comparisons across research papers. Therefore, developing reliable automatic
evaluation metrics for NLG is important.
There are at least two challenges in automatic metrics. First, the metric must
measure many dimensions of the output that are relevant. Second, in evaluations
of many NLG tasks, several outputs may be acceptable. In translation, we may be
concerned with a translation’s fluency (how natural does it sound?) and
adequacy (is the meaning correct?), and several outputs may be valid translations.
In domains such as machine translation (MT), a system’s extrinsic value is
both hard to define and measure, and intrinsic human judgments of a system’s
output quality have been the main indicator of progress in the field. [9] For those
domains best evaluated intrinsically, automatic metrics, which both are
computed automatically and correlate highly with human judgment, are ideal. If
sufficiently correlated, a metric can be used as a surrogate evaluation, which may
6

be useful in developmental cycles. Therefore, the application of such metrics are
dependent on studies of their validity [49, how well does the metric correlate
with human judgment?]. In MT, BLEU [43] has seen widespread use, and,
consequently, its validity has been extensively studied. [11, inter alia]
1.2.1 BLEU
The most commonly used metric of evaluation for machine translation is BLEU.
[43] Metrics based on n-gram overlaps such as BLEU [43] and ROUGE [36],
originally designed for evaluating machine translation and summarization, are
often widely adopted to broader NLG domains [59]. BLEU score attempts to
correlate human judgment of translations using n-grams from the ouput and
reference text aggregated over a test corpus. BLEU is calculated as
min(1, 1 − |r|/|c|)) · exp

( N
∑

)
wn log pn

n=1

where |r| and |c| are the length of the reference and output sentence, respectively,
pn is the weighted (modified) n-gram precision, and wn is the weight for the
n-gram. The metric was inspired from the word error rate by the speech
recognition community, but uses n-grams for variants of translation. Papineni
et al. [43] claim that the unigrams capture adequacy, and the higher order
n-grams capture fluency. The right hand term is the sentence brevity penalty to
control for recall, computed over the corpus.

1.3

Neural approach to language generation

Traditional approaches to language generation used pipelines of several stages,
including stages such as task planning and surface realization [50]. Recent
advancements in general sequence-to-sequence models provide new data-driven
alternatives [seq2seq; 61]. Applying these neural seq2seq models to language
generation has now become mainstream likely due to their ease of
7

implementation, flexibility, and expressivity. Refer to Goldberg [19] for a review
of neural techniques in natural language processing. In some fields, neural
models even achieve state of the art performance [8].
Among other lines of reasoning [38], neural models likely achieve their high
performance in NLP due to end-to-end training. These models leverage large
datasets and learn all their complex behavior completely from data, reducing the
need for error-prone, low coverage, and hand-engineered features. If anything,
this makes the models easier to implement. End-to-end training is made possible
because neural models are fully differentiable functions of input data and
parameters. Once a loss function is specified (and calculated with a given training
instance), gradients of the trainable parameters can be calculated through
backpropagation [51]. With the gradients of the loss w.r.t. the parameters, we can
adjusted these parameters with stochastic gradient descent (SGD) or Adam [30]
to minimize the loss.2 For my research, the community generously provides a
number of high-quality, open-source autodiff libraries [1, 42, 44] that I built my
thesis research on.
1.3.1 Recurrent neural networks
A recurrent neural network [RNN; 15] is a parameterized function that can be
recursively applied to a sequence of vector input. An RNN g(h(t−1) , x(t) ) is
specified with the equations given below (notation adopted from Goodfellow
et al. [20])
h(t) = tanh(b + Wh(t−1) + Ux(t) )
ŷ(t) = softmax(c + Vh(t) )
2

(1.5)

Training a model that achieves good generalization by minimizing the loss function is nearly
art. There are important details, which are usually compacted into the “training details” section
of an NLP paper. We will not discuss training in-depth, and refer the reader to Neubig [41] for a
tutorial.
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where {W, U, V} are trainable matrix parameters and {b, c} are vector ones. The
function returns [h(t) , o(t) ] = g(h(t−1) , x(t) ) and is recursively applied through
inputs x1 , . . . , xn , passing hidden states h(t) to the next call of g at each timestep t
(with an initial trainable hidden state h(0) ).
Intuitively, the hidden state at each timestep is a nonlinear combination of the
previous hidden state and the current input. There are several outputs of the
RNN that you may wish to use. The first is the last hidden state h(n) , obtained
after the last input xn is applied, which would, in theory, contain information
from all of the inputs x1 , . . . , xn . In the case of sequence classification, you may
directly wish to use on , which utilizes the hidden state h(n) . It is also possible to
use the sequence of hidden states {h(i) : 1 ≤ i ≤ n}. For part-of-speech tagging,
you may directly use the sequence of outputs {o(i) : 1 ≤ i ≤ n}.
The reader may notice that the hidden states passes through a sequence of
tanh(a(t) ) functions. There are several things to notice about this non-linearity.
First, with some non-linearity, RNNs have been proven to have equivalent
expressive power to Turing machines [57] - if the parameters are set correctly. In
practice, backpropagation + gradient descent is one of the few known practical
methods to train neural models, and backpropagating through a series of
non-linearities may result in the vanishing gradient problem. However, even if you
are sucessfully backpropagating gradients in your model, the correct setting of the
parameters (those required to achieve the model’s theoretical potential) may not
be reached [66].
The vanishing gradient problem motivates augumenting RNNs with linear
components, which are lossless in gradient calculation. The long short-term
memory [LSTM; 26] is usually the variant of choice in NLP. The equations of an

9

LSTM function g(h(t−1) , c(t−1) , x(t) ) are given below
c′

(t)

= tanh(b + Wc′ h(t−1) + Uc′ x(t) )

i(t) = σ(b + Wi h(t−1) + Ui x(t) )
f(t) = σ(b + Wf h(t−1) + Uf x(t) )
c(t) = f(t) ∗ c(t−1) + i(t) ∗ c′

(t)

o(t) = σ(b + Wo h(t−1) + Uo x(t) )
h(t) = tanh(c(t) ) ∗ o(t)
ŷ(t) = softmax(h(t) )

(1.6)

where c(t) are claimed to be memory cells. The i(t) and f(t) are input and forget
gates, respectively, which control how much information flows in and out of the
memory cells based on the present input x(t) and previous hidden state h(t−1) . As
you may notice, each c(t) is a weighted linear combination of c(t−1) and c(t−1) , so
the gradient for the memory cells should not easly vanish over long timesteps.
LSTMs have been found to be strong models on many different sequential
modeling related to language. These models can be used for parse reranking [12],
part-of-speech tagging, and named entity recognition. The hidden
representations are also useful components in larger neural architectures e.g. for
classifying entailment [13].
1.3.2 Sequence to sequence networks
Refer back to probabilistic language generation defined in Equation 1.2 - we now
introduce sequence to sequence networks [seq2seq; 61] to model this
probability. This neural approach builds on LSTMs introduced in §1.3.1. A
decoder LSTM can parameterize the timestep factorized probability
p(yk |c, (y1 , . . . , yk−1 )

10

(1.7)

if o(t) is a distribution over all possible output tokens in Σ. To condition on a
context c, the decoder can be passed a representation of the input. This
representation may be a vector representation, where
c = f(x1 , . . . , xN )

(1.8)

and is parameterized by another encoder LSTM. The vector taken from the
encoder can be the last hidden state, or it can be a combination over all the
encoder’s hidden states.
Seq2seq models, like LSTMs, achieve good performance in a variety of NLP
tasks. The most notable includes machine translation [33], where neural seq2seq
models are often state of the art, and these models are also applied in large
commercial settings. However, the applications do not end there - seq2seq
models can also be used for style transfer [17] and story generation [70].
1.3.3 Syntactic capabilities of RNNs
Sequence to sequence models [seq2seq; 3, 61] have found use cases in tasks such
as machine translation [68], dialogue agents [63], and summarization [52],
where the target output is natural language. However, the decoder side in these
models is usually parameterized by gated variants of recurrent neural networks
[26], and are general models of sequential data not explicitly designed to
generate conforming to the grammar of natural language.
In Linzen et al. [37], the ability of recurrent neural networks and RNN-based
language models to predict subject-verb agreement was evaluated. This section
focuses on the language modeling results. Data was generated by taking
sentences from Wikipedia with present tense verbs, and a parser is then used to
label the number of intervening nouns and attractors. There may be several
intervening nouns, and a few of them which differ in number from the main verb
making them attractors. Attractors are defined to be intervening nouns that
differed in number with the subject. For the RNN the last intervening noun
influenced the error rate if it was an attractor. Another observation was that the
11

The keys to the cabinet are on the table.

(1.9)

Figure 1.3.1: An example of a grammatical illusion caused by agreement
attraction. The bold “keys” is the main subject and should agree in number
with the main verb “are”. However, human tendencies have been shown to
associate the number of “are” with the closest intervening noun (underlined)
[7]. In the case of “the cabinet”, this noun is not only intervening, but also an
attractor - its number differs from the subject, increasing the acceptability of
an ungrammatical sentence (“the keys to the cabinet is...”).

error rate is larger for singular agreement attraction than plural agreement
attraction, which is a result seen in humans as well. When there is no agreement
attraction, prediction for plural verbs were more likely to be wrong (singular is
the majority class, where there are about 66%/33% singular/plural cases.).
For language models, the author tests ability of subject-verb agreement by
inspecting the conditional distribution of producing the verb with the correct
number inflection, e.g. p(sing) < p(pl) or p(pl) < p(sing). In the case of the verb
“to be”, we inspect p(is) > p(are) when a singular subject was mentioned. Two
language models were tested, the author’s own 50 dimension 1 layer LSTM, and
Google’s enormous character level billion word LM (pre-trained). For both of
these language models, the first attractor causes a 30% drop in accuracy. Up to 4
attractors, both the Google LM and the small LM perform worse than the
majority baseline. Unfortunately, a slightly different replication of the results
using a much more powerful language model has different conclusions.

1.4

Introductory syntax

Language is often thought to be arbitrary. There may very well be no limit to the
ideas that we may express. The quote below
(1) The ships hung in the sky, much the way that bricks don’t.
from Douglas Adams’s book, the Hitchhiker’s Guide to the Galaxy, clearly
12

conveys an imagined scenario that has yet been witnessed by anyone in the past,
present, or future. However, a slight rearrangement of (1) below
(2)

The ships hung the in sky, much the way that bricks don’t.

now no longer sounds like it could have been a sentence Douglas Adams had
written - a typo perhaps. Even a small vocabulary provides a combinatorial
explosion of possible sequences, yet English is only a small fraction of those. As
you and I both can quickly identify the membership of sequences of words
within the restricted subset, there must be rules governing what can and cannot
be English. Syntacticians, linguists who study syntax, define syntax roughly as
The laws that govern how words combine into sentences.
and presupposes what words and sentences are [28]. Speakers can agree on most
cases of what these are, and we will begin our discussion with our shared notions
of words and sentences.
1.4.1 Grammaticality
The three sentence below highlight the phenomenon that concerns syntax
(3)

The cat in the hat is delighted.

(4)

The cat understands that emotional logic floats.

(5)

* The in cat the hat is delighted.

where there is a salient difference between (5) and (3, 4), as the former example
is a sentence that is inconceivable to be spoken by any English speaker. In the
latter two examples, we can agree both are speakable sentences. The study of
syntax is built on the assumption that this difference is real, and we are mainly
interested in systems that account for this difference. We define (3) and (4) to be
grammatical, but (5) to be ungrammatical, and use a preceding “*” to denote the
difference. Note that there is also a salient difference in (4) and (3), where (4) is

13

non-sensical. Syntax is not interested in this distinction and we leave such details
to semanticists.
In (3,4,5) I decided the grammaticality of sentences for illustration purposes, a
methodology syntacticians term grammaticality judgments. There are two
appealing properties of using grammaticality judgments like the ones above to
study syntax. First, as an English speaker, I can reliably posit that since (5) is
unspeakable to myself, other English speakers will share my intuition (which you
will see throughout my tutorial!). Second, we may test sentences with
phenomena that are the “edge cases” of our current knowledge of syntax. For
instance, the judgments below
(6)

The cat sings.

(7)

The cat sings songs.

might lead us to hypothesize that when “songs” is appended to a grammatical
sentence, it continues to be grammatical. A more capable syntactician could
think of the counter-examples
(8)
(9)

The cat sings songs.
* The cat sings songs songs.

which shows, in fact, that our hypothesis need to be revised. This is the bitter
sweet moment when we realize that an underlying mechanism is not what it
seemed. Grammaticality judgements are the syntactician’s main tool for refining
our hypothesis of language syntax.

14

2

Grammaticality in neural machine
translation

Sequence to sequence (seq2seq) models are often employed in settings
where the target output is natural language. However, the syntactic properties of
the language generated from these models are not well understood. We explore
whether such output belongs to a formal and realistic grammar, by employing the
English Resource Grammar (ERG), a broad coverage, linguistically precise
HPSG-based grammar of English. From a French to English parallel corpus, we
analyze the parseability and grammatical constructions occurring in output from
a seq2seq translation model. Over 93% of the model translations are parseable,
suggesting that it learns to generate conforming to a grammar. The model has
trouble learning the distribution of rarer syntactic rules, and we pinpoint several
15

constructions that differentiate translations between the references and our
model.

2.1

Related work

2.1.1 Understanding the language capability of neural models
Previous work in recurrent neural network based recognizers on artificial
languages has studied the performance on context-free and limited
context-sensitive languages [18]. More recent research in this setting provide
methods to extract the exact deterministic finite automaton represented by the
RNN based recognizers of regular languages [67]. These studies give exact
analyses of RNN recognizers for simple artificial languages.
In the evaluation of language models in natural language settings, recent work
analyzes the rescoring of grammatical and ungrammatical sentence pairs based
on specific linguistic phenomenon such as agreement attraction [37]. These
contrastive pairs have also found use in evaluating seq2seq models through
rescoring with the decoder side of neural machine translation systems [54]. Both
studies on contrastive pairs evaluate implicit grammatical knowledge of a
language model.
2.1.2 Applications of HPSG-based grammars
HPSG-based grammars have found use in evaluating human produced language.
To determine the degree of syntactic noisiness in social media text, parseability
under the ERG was examined for newspaper and Twitter texts [4]. In predicting
grammaticality of L2 language learners with linear models, the parseability of
sentences with the ERG was found to be a useful feature [24]. These studies
suggest parseability in the ERG has some degree of linguistic reality.
Our work combines analysis of neural seq2seq models with an HPSG-based
grammar, which begins to let us understand the syntactic properties in the model
output. Recent work most similar to ours is in evaluating multimodel deep
16

learning models with the ERG [34]. While their work uses the ERG for language
generation to test language understanding, we evaluate language generation with
the parsing capabilities of the ERG, and study the syntactic properties.

2.2

Head-driven phrase structure grammars

A head-phrase structure grammar [HPSG; 46] is a highly lexicalized constraint
based linguistic formalism. Unlike statistical parsers, these grammars are
hand-built from lexical entries and syntactic rules. The English Resource
Grammar [16] is an HPSG-based grammar of English, with broad coverage of
linguistic phenomena, around 35K unique lexical entries, and handling of
unknown words with both generic part-of-speech conditioned lexical types [2]
and a comprehensive set of class based generic lexical entries captured by regular
expressions. The syntactic rules give fine-grained labels to the linguistic
constructions present.1 While the ERG produces both syntactic and semantic
annotations, we focus only on syntactic derivations in this study.
Suitable to our task, the ERG was engineered to capture as many grammatical
strings as possible, while correctly rejecting ungrammatical strings. Parseability
under the ERG should have linguistic reality in grammaticality. Ideally, there will
be no parses for any ungrammatical string, and at least one parse for all
grammatical strings, which can be unpacked in order of scores assigned by the
included maximum entropy model. We make a distinction between parseability
and grammaticality. For our purposes of evaluating with a specified grammar, we
consider the parseability of sentences under the ERG in §2.4.1, regardless of
human grammaticality judgments. In §2.4.2, we manually annotate unparseable
sentences for English grammaticality.
All experiments are conducted with the 1214 version of the ERG, and the
LKB/PET was used for all parsing [14]. We use the default parsing configuration
(command line option “--erg+tnt”), which uses a parsing timeout of 60
1

A list of rules types and their descriptions can be found at http://moin.delph-in.net/
ErgRules.

17

French Une situation grotesque.
Reference It is a grotesque situation.
NMT Output A generic_adj situation.
root_strict

root_frag

sb-hd_mc

np_frg

hdn_bnp-qnt
It

sp-hd_n

hd-cmp_u
is

a

sp-hd_n
a

aj-hdn_norm

aj-hdn_norm
generic_adj

situation

grotesque situation
Figure 2.2.1: A test set source-reference pair and the NMT translation. Below are parser derivations in the ERG of both the reference and NMT translation. The ERG is described in §2.2. Non-syntactic rules have been omitted. The NMT model is trained and tested only on sentence pairs where the
reference is parseable by the ERG. The NMT translation may not always be
parseable. Analysis on model output parseability in §2.4.1.

seconds. A sentence is labeled unparseable either if the search space contains no
derivations or if not a single derivation is found within the search space before
the timeout. Figure 2.2.1 shows a simplified derivation tree.

2.3

Unparseability and ungrammaticality

This section establishes a connection between ERG (un-)parseability of model
output and ungrammaticality, which will lay the foundation of future experiments
in §3. To this end, we setup a French to English (FR → EN) neural machine
translation system which we now refer to as NMT. Our goal was to test a baseline
system for comparable results to machine translation and seq2seq models.
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2.3.1 Dataset
From 2M French to English sentence pairs in the Europarl v7 parallel corpora
[32], we subset 1.6M where the English/reference sentence was parseable by the
ERG. For these 1.6M sentence pairs, we record the best tree of the English
sentence as determined by the maximum entropy model included in the ERG.
All sentence pairs we now consider have at least one English translation within
our grammar, and we make no constraint on French. About 1.4M pairs were used
for training, 5K for validation, and the remaining 200K reserved for analysis.
2.3.2 Out of vocabulary tokens
On the source-side French sentences, simple rare word handling was applied,
where all tokens with a frequency rank over 40K were replaced with an “UNK”
token. However, when handling rare words in the target-side English sentences,
“UNK” will significantly degrade ERG parsing performance on model output.
We replace our output tokens based on the lexical entries recognized by the ERG
in our best parses (as in Figure 2.2.1’s NMT output). This form of rare word
handling is similar to the 10K PTB dataset [40], but with more detailed
part-of-speech and regular expression conditioned “UNK” tokens. After
preprocessing, we had a source vocabulary size of 40000, and a target vocabulary
size of 36292.
2.3.3 Model
Our translation model is a word-level neural machine translation system with an
attention mechanism [3]. We used an encoder and decoder with 512 dimensions
and 2 layers each, and word embeddings of size 1024. Dropout rates of 0.3 on the
source, target, and hidden layers were applied. A dropout of 0.4 was applied to
the word embedding, which was tied for both input and output. The model was
trained for about 20 hours with early stopping on validation perplexity with
patience 10 on a single Nvidia GPU Titan X (Maxwell). We used the NEMATUS
[55] implementation, a highly ranked system in WMT16.
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Strict
Informal UnparSource Full Frag Full Frag seable
Ref 64.7
2.4 31.5
1.4
0.0
NMT 60.5
3.0 28.1
1.6
6.8
Δ -4.2 +0.6 -3.4 +0.2
+6.8
Table 2.4.1: The distribution of root node conditions for the reference and
NMT translations on the 200K analysis sentence pairs. Root node conditions
are taken from the recorded best derivation. The best derivation is chosen by
the maximum entropy model included in the ERG.

2.3.4 Translations
After training convergence on the 1M sentence pairs, the saved model is used for
translation on the 200K sentences pairs left for analysis. A beam size of 5 is used
to search for the best translation under our NMT model. We parse these
translations with the ERG and record the best tree under the maximum entropy
model. We have parallel data of the French sentence, the human/reference
English translation, the NMT English translation, the parse of the reference
translation, and the parse of NMT translation (if it was grammatical). Note that
the NMT translation may have no parse.

2.4

Results

2.4.1 Parseability
The NMT translations for the 200K test split were parsed. Parsing a sentence
with the ERG yields one of four cases:
• Parseable. A derivation is found and recorded by the parser before the
timeout. The best derivation is chosen by the included maximum entropy
in the ERG. About 93.2% of the sentences were parseable.
• Unparseable due to resource limitations. The parser reached its limit of
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either memory or time before finding a derivation. This constitutes about
3.2% of all cases, and 47% of unparsable cases.
• Unparseable due to parser error. The parser encountered an error in
retrieving lexical entries or instantiating the parsing chart. This constitutes
about 0.5% of all cases, and 8% of unparsable cases.
• Unparseable due to exhaustation of search space. The parser exhausted the
entire search space of derivations for a sentence, and concludes that it does
not have a derivation in the ERG. This constitutes about 3.1% of all cases,
and 45% of unparsable cases.
The distribution of the root node conditions for the reference and NMT
translation derivations are listed in table 2.4.1, along with the parseability of the
NMT translations. Root node conditions are used by the ERG to denote
whether the parser had to relax punctuation and capitalization rules, with “strict”
and “informal”, and whether the derivation is of a full sentence or a fragment,
with “full” and “frag”. Fragments can be isolated noun, verb, or prepositional
phrases. Both full sentence root node conditions saw a decrease in usage, with
the strict full root condition having the largest drop out of all conditions. Both
fragments have a small increase in usage.
2.4.2 Grammaticality
Out of the 14K unparseable NMT translations, there are 6.2K translations where
the parser concluded unparseability after exhausting the search space for
derivations. We will refer to these examples as “exhaustively unparseable.” To
understand the relation between English grammaticality and exhaustive
unparseability under the ERG, two linguistics undergraduates (including the first
author) labeled a random sample of 100 NMT translations from this subset. We
sampled only those translations with less than 10 words to limit annotator
confusion. Annotators were instructed to assign a binary grammatical judgment
to each sentence, ignoring the coherence and meaning of the translation, to the
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best of their abilities. Punctuation was ignored in all annotations, although the
ERG is sensitive to punctuation. When the sentence was ungrammatical,
subject-verb agreement and noun phrase agreement errors were annotated.
Within our random sample, 60 sentences were labeled as ungrammatical. Of
these ungrammatical sentences, 5 could be made grammatical if a subject-verb
agreement error was corrected, and 5 other translations could be made
grammatical by correcting an article or determiner attachment to a noun. One
translation exhibited both forms of agreement attachment errors. Agreement
attachment errors are better studied phenomenon [37, 54]. However, correcting
these errors only fixes 18.3% of ungrammaticality that we observed in our sample.
Out of the 100 sampled NMT translations that have no ERG derivations, we
found 35 to be grammatical. 5 test examples were excluded. These include two
cases where the source sentences were empty, and three cases where the sentence
was parliament session information. Both annotators found annotating to be
challenging, and possibly better annotated on an ordinal scale. Out of the
exhaustively unparseable random sample, 37% was found to be grammatical. The
ERG may have grammar gaps for near grammatical sentences.

2.5

Conclusion

We investigated the connection between ERG unparseability and
ungrammaticality for this neural seq2seq model, and these two analyses were
made possible by the English Resource Grammar. Neural sequence to sequence
models do not have any explicit biases towards inducing underlying grammars,
yet was able to generate sentences conforming to an English-like grammar at a
high rate.
2.5.1 Wei et al. [65] leaves much to be desired
Our NMT model had a number of favorable conditions facilitating generation of
grammar-conforming output. There are at least two conditions: 1) The training
set included over a million sentences. 2) Techniques to increase the diversity of
22

output was not applied. These two conditions do not always hold in other
language generation settings. For tasks such as dialog, paraphrasing, and style
transfer, datasets are magnitudes smaller and techniques to improve output
diversity are often applied. This motivates our exploration in §3, where we test
the grammaticality of these systems under these settings encountered in practice,
to generalize our results for the broader NLG domain.
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