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Abstract

In this work, we have successfully im-
plemented methods to transform raw text
documents of spoken dialogue/speech into
its more human natural-sounding version
by augmenting these documents with dis-
fluencies. We present two such methods
to naturalize text. The first method is a
bigram approach that uses the frequency
of the occurrences of desired bigrams in
the training data as a basis to insert filler
words or pauses in the given input sen-
tences. The second method uses a trans-
former to learn the most probable insert lo-
cations and disfluencies. The performance
of each model was then measured using
two automated scoring systems based off
similar sentence score and similar inser-
tion score.

1 Introduction

A major factor that discriminates spontaneous
speech from written text is the presence of para-
linguistic features such as filled pauses (fillers),
false starts, laughter, disfluencies and discourse
markers that are beyond the framework of formal
grammars. There are multiple ways of achieving
natural speech, but the focus of our research are
speech disfluencies.

A speech disfluency is any of various breaks,
irregularities, or non-lexical vocables which occur
within the flow of otherwise fluent speech. This
can include filler grunts and noises such as ”uh” or
”um”. Speakers use ”uh” and ”um” to announce
that they are initiating what they expect to be a
minor or major delays in speaking. A speaker can
use these announcements in turn to implicate that
they are searching for a word, are deciding what to
say next, want to keep the floor, or want to cede the
floor. Understanding these cues and their impact

on the context of a given conversation can be said
to be considered a natural part of human dialogue.

We aim to transform raw text documents of
spoken dialogue/speech into its most natural-
sounding version by augmenting these documents
with disfluencies. Using various NLP techniques
such as bigrams and context analysis, we aim to
create a model that can detect the most appropri-
ate places in the document to insert these disflu-
encies and which form of it. This model would
fit into any existing NLP pipeline. Upstream tasks
could be question answering systems and down-
stream tasks could be Text-To-Speech synthesiz-
ers. Additionally, a requirement for this module
would be fast transformation. This module must
refrain from inserting additional latency, slowing
down the entire pipeline. A successful implemen-
tation of the ideas examined in this proposal can
aid in the efforts of naturalizing speech synthesis.

2 Related Work

Recent innovations in natural language process-
ing have significantly improved the ability for ar-
tificial intelligence applications to both process
and create structurally and logically correct text.
While generated text may read naturally, there is
a definitive gap when it comes to natural sound-
ing artificial speech. Approaches to naturaliz-
ing any kind of generated language are few and
far between, despite users deeming less artificial
sounding voices as better (Kühne K, Fischer MH,
Zhou Y., 2020) and more intelligible (Pisoni DB,
Manous LM, Dedina MJ, 1987).

Contrary to this papers proposal to introduce
disfluencies, current approaches to creating natu-
ral sounding speech attempts to generate speech
waveforms directly instead of adding additional
natural sounding elements to text that can be pro-
cessed (Tan et. al., 2022) (Kong et. al., 2020)
(Li et. al., 2021) Furthermore, many of the works
involving disfluencies and natural human speech



patterns is centered around removing disfluencies
and naturalizations in order to better process in-
put speech (Wang et. al., 2022) as challenges
may arise when attempting to process disfluencies
downstream. Other attempts to naturalize syn-
thetic voices involve rephrasing speech commands
(Einolghozati et. al., 2020) or generating the
rhythms that are common in natural human speech
(Kharitonov et. al., 2022) and (Lee et. al., 2021)

There is very little work that involves including
disfluencies as an efficient means of naturalizing
text. A recent example, LARD (Passali et. al.,
2022) allows for the addition of “repetitions, re-
placements and restarts” to the data for simple dis-
fluency generation, but is intended to modify sets
of training data in order to allow for better disflu-
ency detection (for later removal). (Wester et. al.,
2015) takes a psychological approach and works
to add disfluencies as a way to measure percep-
tions of synthetic voices. Our method is efficient
and makes use of a psychological understanding of
disfluency generation (Bakti et. al., 2009) in hu-
man speaking in order to create a dialogue script
that can efficiently allow lower quality synthetic
voices to sound more human. Current state-of-the-
art Text-To-Speech synthesizers do not render dis-
fluencies in the most natural way.

3 Method

3.1 Preprocessing

Since our end goal is to transform a given sentence
into a more natural sounding one for potential use
in existing NLP pipelines, we ended up basing our
choice of disfluencies on parameters accepted by
the SSML (Speech Synthesis Markup Language)
of modern text to speech technologies. Towards
that end, our research also identified the (Santa
Barbara Corpus, ), a corpus containing hundreds
of audio transcriptions down to the level of into-
nation units, as the most relevant dataset suiting
that purpose.

Since every corpus transcribes its data differ-
ently, we had the challenge of having to both
create a specific mapping from our desired dis-
fluencies to the specific annotations provided by
the Santa Barbara corpus while also having to re-
move extra unnecessary annotations that would
have contaminated our desired sentence. This task
was performed primarily through the usage of reg-
ular expressions and formed the basis of our train-
ing dataset.

Figure 1: List of most frequently occuring tags
identified within the Santa Barabara corpus

3.2 Model Design

We trained two types of models to insert disflu-
encies into text data. Our first model uses bigram
probabilities to predict and insert the disfluencies.
Our second model used a transformer that was
fine-tuned on our training data to predict and
insert the disfluencies. Despite using a more
advanced architecture, the transformer-based
model performed worse than the bigram model
during disfluency selection, and was subsequently
discarded from evaluation. The results produced
during execution and reported in Section 5.1 are
all products of the bigram model architecture.

Bigram Model The first model uses bigrams
to augment input sentences with the most proba-
ble insert locations and disfluencies. During the
model training process, the training corpus text
is split into bigrams of two elements. For each
bigram that contains a disfluency as either the first
element or the second element, the model saves
the probabilities of the bigram (word-disfluency
or disfluency-word) pairing as well as the proba-
bilities of the parts of speech of the word before
and the word after the disfluency. To augment a
sentence with disfluencies, The model takes in an
input sentence and a ‘modifier’ parameter that is
used to scale the number of disfluencies added
to the input sentence. The ‘modifier’ parameter
allows the model to successfully augment an input
sentence with disfluencies even when the training
data includes significantly more or significantly
fewer than expected disfluencies but does require
tuning for each training corpus. During sentence
augmentation, the model selects the most likely
locations for disfluencies based on the learned
part-of-speech associations. For each selected



location, the bigram probabilities are used to se-
lect the most likely disfluency, based on the word
before and the word after the selected disfluency
location. The model performs filtering to ensure
that only one disfluency is allowed between words
to keep the augmentation more natural sounding.

Transformer Model The second model uses
a transformer to learn the most probable insert
locations and disfluencies. Use of a transformer
architecture was motivated by the expectation that
additional context from the entire sentence, rather
than just the tokens before and after the disfluency,
would improve results. The transformer model
was based on the Huggingface GPT-2 ‘small’
language model. During the training process the
training corpus was tokenized using the Hugging-
face GPT2TokenizerFast class. Custom tokens
were added to cover the start and end elements of
each sentence, as well as the individual disfluen-
cies in the training corpus. The model was trained
with 100 epochs with a learning rate of 0.005 and
a batch size of 16 using an AdamW optimizer.
To augment a sentence with disfluencies, the
model takes in an input sentence and attempts
to predict the next token in an auto-regressive
manner. At each auto-regressive step, the model
took in the abbreviated input and produced output
token probabilities for the next token. The model
then probabilistically selected the next token.
If the selected token was a disfluency, then the
disfluency was added to the abbreviated sentence.
Otherwise, no disfluency was added. Finally,
the next word from the raw sentence was added
to the abbreviated sentence. This mechanism
ensures that the output sentence matched the input
sentence except for the inserted disfluencies.

4 Experimental Setup and Evaluation

The subject of this study is to produce text that
sounds natural. Therefore, the ideal method to
measure the model’s performance would be to
conduct a survey asking the participants to evalu-
ate whether the output sentences sound more natu-
ral than its unannotated counterpart. However, the
project’s scope limitation does not allow for this.
Human evaluation is time consuming and expen-
sive. We decided to design and employ two auto-
mated scoring systems - similar sentence scoring
and similar insertion scoring.

Figure 2: An overview of our disfluency-
generation architecture.

4.1 Similar Sentence Score

Similar sentence score is calculated for every
output sentence. The sBERT (Reimers et. al.,
2019)(Reimers et. al.) embeddings are used on
the entire corpus following which a sentence
most similar to the output sentence is retrieved by
selecting the pair with maximum cosine similarity.

Test sentence: It’s just too bad.
Most similar corpus sentence: It’s too long.
Test sentence with insertions:
(pause medium) It’s just (vocal noises) too long.
Corpus sentence with insertions:
(pause short) It’s too (pause short) bad.

The sentences are POS-tagged using a pre-
trained tagger in Python’s NLTK library and split
into bigrams. If a pair of bigrams have matching
disfluencies in the same position and the other
token in the bigram have matching POS tags, we
count that as a match and the score is incremented
by 1. This will give us the sentence score of that
particular sentence. The sum of all sentences’
scores normalized over the number of sentences
gives us the overall score.
We implemented two modes of evaluation for
similar sentence scoring; hard-matching and
soft-matching. In hard-matching, the disfluencies
match only if the two tags are an exact match.
For example, (pause short) would only match
with (pause short) and not (pause long). How-
ever, in soft-matching, the disfluencies match



Test Bigram Corpus Bigram Score
(pause, J’) , (it’s, NN) (pause, JJ), (it’s, NN) 1
(it’s, NN), (just, RB) (it’s, NN), (too, RB) 0

(just, RB), (inhale, VB) (too, RB), (pause, RB) 0
(inhale, VB), (too, RB) (pause, RB), (long, RB) 0

(too, RB), (bad, JJ) - 0
Sentence Score 1

Table 1: An example detailing the similar sentence
scoring evaluation technique.

as long as the they are both in the same class.
For example, (pause short) would match with
(pause long) since they belong to the ’Pause’
class of disfluencies.

4.2 Similar Insertion Score

To calculate similar insertion score, the evaluation
script scans through the sentence for insertions.
For each insertion, the corpus is searched for sim-
ilar insertions and compares the POS tags of the
token(s) that surround the insertions. For each to-
ken where the position of that token relative to the
insertion matches and their POS tag also matches,
we add 1 point to the total score. The total score
is then normalized over the number of sentences,
giving us the overall score.

Figure 3: Evaluation and scoring pipeline

Scoring method Scores
Similar sentence score (hard-matching) 0.156
Similar sentence score (soft-matching) 0.215
Similar insertion score (dataset) 0.250
Similar insertion score (gold) 0.406

Table 2: Evaluation scores of the two method on
the output of sentences from the dataset and the
gold standard.

5 Results and Discussion

5.1 Results

The output sentences with the inserted disfluen-
cies are evaluated using the two scores. We see, as
expected, the soft matching score is greater than
the hard-matching score for the similar sentence
method. Additionally, to benchmark our evalu-
ation method, we provided the similar insertion
method with sentences from manually transcribed
interviews. This is our gold standard. Since the
context of these sentences are not the same as
the dataset, we only calculate the similar insertion
score, skipping the similar sentence score. This is
detailed in Table 2. As evident from the numeri-
cal proximity of the two scores, we conclude that
our evaluation method is sound. However, we re-
alise that our bigram model performs marginally
worse in its disfluency insertions when compared
to insertions in real conversations.

5.2 Discussion

One of the setbacks that we faced in this study is
finding suitable datasets that will work well for
our purposes. We found that the Santa Barbara
Corpus was one of the only datasets of spoken-
text with disfluency annotations. Since the model
was trained on just the Santa Barbara corpus,
there are some concerns for limitations with the
model’s ability to generalize to real-world conver-
sation data. In the future, we would like to use
the context behind the spoken sentence as part of
the model’s features. We insert disfluencies into
our speech for a reason and deducing this reason
from the sentence’s purpose and context can im-
prove the insertions’ accuracy significantly.

6 Division of Labor

There was equal contribution from all authors for
the proposal, poster and report. Ryan Luu and Ira
Deshmukh worked on the dataset pre-processing.



Bowman Brown worked on the model. Alfianto
Widodo and Parth Vipul Shah worked on the eval-
uation metrics. There was also equal contribution
towards the theorizing, research and other logis-
tics of this project. Our code can be found at:
https://github.com/parthvshah/naturalization-usc
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