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We examine the impact of noise on Neural Nat-
ural Language Generation (NNLG). First, we em-
pirically determine how noisy training data im-
pacts NNLG outputs. Second, how the type of
noise in NNLG outputs (i.e. errors produced by
NNLG) influence how humans perceive the qual-
ity of generated texts.

Neural Natural Language Generation (NNLG)
is promising for generating text from Meaning
Representations (MRs) in an “end-to-end” fash-
ion, i.e. without the need for alignment (Wen et al.,
2015, 2016a; Dusek and Jurcicek, 2016a; Mei
et al., 2016). However, NNLG typically requires
large volumes of in-domain data. This data is typ-
ically crowdsourced (e.g. Howcroft et al., 2017;
Mairesse et al., 2010; Novikova et al., 2016; Wen
et al., 2015, 2016b), which introduces noise. For
example, in the E2E NLG Challenge, up to 40% of
the data contains omitted or additional information
(Dusek et al., 2019). In addition, NNLG can pro-
duce new types of errors, including ungrammati-
cal outputs, misspellings from the training data, or
even outputs which are semantically incorrect, i.e.
hallucinating or omitting information (Gehrmann
et al., 2018; Rohrbach et al., 2018).

Here we present the latest results in our ongo-
ing investigation of the impact of several kinds of
noise common in crowdsourced training datasets
on NNLG for English:

e Semantic noise, which occurs when crowd
workers write a text which differs from the
source meaning representation they are tasked
with communicating (i.e. inserting additional
facts or dropping required information).

e Typographic noise, introduced when subjects
spell a word incorrectly or make a typographic
error. While this kind of noise may seem un-
interesting, it is quite common in crowdsourced
data and similar errors have been shown to have
a dramatic impact on related neural models, e.g.

in MT (Belinkov and Bisk, 2018).

e Grammatical noise is similar, resulting from
disfluencies, non-standard syntax, and lack of
punctuation.

Our results demonstrate the impact of seman-
tic noise on two state-of-the-art neural generation
models with different semantic control mecha-
nisms, namely TGen (Dusek and Jur¢icek, 2016a)
and Semantically Controlled LSTMs (Wen et al.,
2015). We use the E2E Challenge dataset (Dusek
et al., 2019) as a noisy training set for these mod-
els and use a heuristic filtering script to produce
a cleaned version of the dataset (E2E 1.1). This
cleaned dataset contains a greater variety of MRs
than the original corpus, since texts which were
originally intended to be based off of the same
MR are now differentiated when crowd workers
in fact changed the intended meaning. We find
that training on the clean data results in improve-
ments for both systems with respect to automated
word-overlap evaluation metrics like BLEU (Pap-
ineni et al., 2002) and reductions in semantic error
rate for TGen.

The second aspect of our research is the im-
pact of different kinds of errors in NNLG systems’
output on the perceived system quality. To this
end, we are developing a taxonomy of NNLG er-
rors to understand what the most common kinds
of problems are and conducting human evalua-
tions of texts exhibiting varying degrees of these
errors. The resulting human evaluation scores are
further leveraged in training novel quality estima-
tion models (as in Specia et al., 2010; Dusek et al.,
2017). These models aim to predict the quality
of an NLG output for an unseen MR without hav-
ing access to any human-written reference texts,
as is the case for word-overlap-based automatic
metrics. This will allow their usage in production
NLG systems for ranking candidate outputs and
potentially improving overall output quality.
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