
BUDAPEST UNIVERSITY OF TECHNOLOGY AND ECONOMICS
DOCTORAL SCHOOL OF INFORMATICS

DEPARTMENT OF TELECOMMUNICATIONS AND MEDIA INFORMATICS

THE FUNCTIONAL EXPANSION OF

AUTOMATIC SPEECH RECOGNITION OUTPUT

BASED ON NOVEL

PROSODY- AND TEXT-BASED APPROACHES

Ph.D. thesis booklet

Máté Ákos Tündik
M.Sc. in Computer Science Engineering

Supervisor:
György Szaszák, Ph.D.

BUDAPEST, HUNGARY
2019



1 Introduction

The quote “The only constant thing is change”, said by Heraclitus, is totally valid for the
area of speech technology as well. Regarding automatic speech recognition (ASR) which
became the part of a wide range of applications in our everyday life, historically it was
restricted to speech-to-text transformation, without any further analysis such as meaning
extraction. In the Big Data and artificial intelligence era, this is not sufficient any more. The
researchers became interested in whether a machine can behave similar to humans, or have
similar level of intelligence like a human being [1]. Naturally, this way of thinking has affected
speech technology as well. The ASR output is further processed, often referred to as Spoken
Language Understanding (SLU), where a machine is able to detect the meaning and the
intent from speech utterances. SLU incorporates various tasks like domain classification, user
intent detection, slot filling, often demonstrated through a personal assistant example [2, 3].
SLU requires intelligent automatic processing of speech and text. For text, the usage of
Natural Language Processing (NLP) modules that perform syntax and semantics related
tasks like part-of-speech (POS) tagging, Named Entity Recognition (NER) or dependency
parsing could be straightforward, but they are originally designed for error-free transcripts.
Although the ASR output is rarely 100% correct, making the used NLP approaches word
error robust has received very little attention. On the other hand, acoustic cues besides
the textual ones can be exploited for these purposes of SLU. In my dissertation, I focus on
these cues, in order to provide important functional expansion for the ASR output, with
automatic structural segmentation methods; punctuation and phrasing.

It is known that suprasegmental (prosodic) features can help ASR-systems by providing
information structure-related cues (sentence, syntactic phrase or word boundaries) and also
cues related to emotions [4]. The detection of the acoustic markers can improve not only the
robustness of the ASR-systems [5], but they could be well-exploited for SLU-tasks as well,
i.e. by enriching the raw word sequence (output transcription) with some annotation, such
as punctuation marks or capitalization [6].

Besides the changing trends from speech recognition to speech understanding, the rapidly
changing methodology is also worth to mention. The appearance of Deep Learning, especially
Deep Neural Networks (DNNs) has reformed the entire area of speech technology. According
to the latest Gartner’s hype curve (2018), DNN is on the “Peak of Inflated Expectations”;
many business and research projects aim at exploiting its advantages, often using Big Data
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analytics. A nice property of the DNN-based models is that they allow for capturing and
modelling multiple level of abstractions of speech and text through numerous layers of
different architectures [7], but still based on the same paradigm (and general framework).
For instance, acoustic modelling has changed from HMM-GMM hybrids to HMM-DNN
hybrids [8], then nowadays all neural (end-to-end) approaches are considered [9]. In text
processing, a revolution came from the Word2Vec method [10], which can be also used for
language modelling. DNN-based end-to-end solutions can be found for SLU in the literature
as well [11].

Hungarian language – due to its heavily agglutinating nature and relatively free word
order, and relative small number of native speakers compared to world languages – has
always been a special case of ASR and NLP research within Hungary. The application of
HMM-DNN hybrid systems for ASR is also well-studied [12, 13], and in NLP, different
approaches for POS-tagging and NER were also evaluated [14, 15, 16, 17, 18, 19], or even
connected into a syntactic-semantic processor pipeline [20]. In SLU, combining text-based
techniques and acoustic analysis, keyword spotting [21], semantic focus detection [22] and
automatic summarization [23] methods have been investigated.
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2 Research Objectives

The first part of my thesis addresses the extension of a speech prosody-related automatic
segmentation method. Prosody is known to reflect syntactic-semantic information to some
extent. In the case of the fixed stressed Hungarian, the prosodic stress detection is a powerful
way of detecting syntactically and semantically linked units (words or phrases). The new
segmentation method I proposed relies on the output of an intonation modelling technique
called Weighted Correlation-based Atom Decomposition (WCAD) [24]. I will show that
combining this to the HMM/GMM baseline solution [5], prosodic segmentation still can be
improved. I will also demonstrate model adaptation for the French language which is also
fixed stressed. In contrast to Hungarian [25], French is stressed at the right edge [26].

The second part of this thesis addresses punctuation recovery for English and Hungarian.
Punctuation can also be considered as a segmentation task, but for written language. I
developed word-level, character-level and hybrid solutions for punctuation of Hungarian,
relying on neural networks. Finally, combined textual-acoustic approaches were also evaluated.
As Hungarian is characterized by a highly inflective nature and less constrained word order,
the extension with acoustic features is pretty important. My models were also evaluated in
English, hence I compared the results of the two languages.

The third part of this thesis addresses the user-centric evaluation of automatic punctuation.
Although the objective evaluation of automatic punctuation is a common practice, it still
neglects the end-user perspective and there is a high risk that the used objective measures
are weakly correlated by subjective impressions. Therefore, I will also verify and quantify
through systematic subjective testing that punctuation improves human readability and
understandability. To the best of my knowledge, this is a standout and unique effort, I
was not able to find similar subjective assessment for automatic punctuation from end-user
perspective1. Subjective testing is performed with normal hearing people, and a smaller
group of deaf and hard-of-hearing (DHH) people.

1This unique effort was confirmed by the Best Student Paper Jury of Interspeech 2018 conference.
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3 Research Methodology

During my research, I provided experimental proof of the proposed algorithms and used a
qualitative evaluation based on information retrieval metrics and also subjective testing. In
the next sections, I present the methods with materials per thesis groups:

1. Atom Decomposition-based Prosodic Stress Detection and Phonological
Phrasing: I use two speech databases with read speech utterances. Word- and phone-
level annotations were also included. My stress detection and phonological phrasing
approaches use the features of an intonational model; the stress characteristics of
Hungarian and French languages were evaluated with statistical measurements. These
methods were implemented in Python and Perl. The phrase-level segmentation was
evaluated against hand-labelled references with standard evaluation metrics; precision,
recall, and F-scores.

2. Automatic Punctuation with Neural Networks: The punctuation prediction
models for Hungarian language were created using state-of-the-art techniques; the
models were implemented in Keras [27], which is a deep learning framework for
Python, and training was done on GPUs. These models required iterative fine-tuning
called hyperparameter-optimization. The text-based models were trained with the
transcripts of TV programs including 15M words, while a smaller sub-corpus of that
(containing 3 hours of audio recordings) was used for experiments with acoustic
and textual-acoustic hybrid models. The evaluation is based on precision, recall, and
F1-score, and additionally, a punctuation prediction-related measure (Slot Error Rate).
My models were optimized and evaluated to English as well, but I formulated theses
only for Hungarian.

3. User-centric Evaluation of Automatically Punctuated ASR-transcripts: A
test subset of Hungarian Broadcast Dataset was used. The texts were varied regarding
the origin of the transcript and the way of punctuation. Subjective evaluation was
performed among the end-users, and based on that, statistical tests were performed.
All the calculations were done in IBM SPSS Software.
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4 New Scientific Results

4.1 Atom Decomposition-based Prosodic Stress Detection and

Phonological Phrasing

Both automatic stress detection and phrasing belong to the important, open problems in
Spoken Language Understanding. Prosodic cues (mostly fundamental frequency, energy
and duration) can be effectively leveraged to address this problem. Automatic phrasing
has a dedicated importance before subsequent processing of ASR output, as it establishes
a segmentation of the speech stream. The automatically detected intonational (sentence-
like) units are suitable for various tasks such as topic segmentation, labelling dialogue
acts, parsing, information extraction, meeting summarization and speech understanding in
general [28, 29, 30]. The investigation of acoustically marked stress events linked to SLU
have been also started decades ago, such as analysing correlation with word importance or
topic introduction [31, 32].

I explore the possibility of prosodic stress detection and automatic phrasing in Hungarian
and French. To achieve this, I use an intonational model called Weighted Correlation-
based Atom Decomposition (WCAD) algorithm [24] to detect stress (and PP boundaries).
In my theses, I argue for the usefulness of the WCAD local atoms regarding stress and
phrase boundary detection for the two particular languages. The correlation between atoms
and syllable position are different for Hungarian and French; Although both languages
can be regarded as fixed stressed, stress is located at the left edge of the phonological
phrase for Hungarian [33], but at the right edge for French [34]. Phonological phrases
(PPs) constitute a prosodic unit characterized by a single, acoustically marked stress and
some preceding/following intonation contour by definition [35, 36]. My method is evaluated
compared to a supervised learning-based baseline HMM/GMM approach by [5].

4.1.1 The WCAD Algorithm

The Weighted Correlation based Atom Decomposition (WCAD) method [24] is an intonation
model that describes the F0 contour as the superposition of a global phrase atom and local
accent atoms given by the gamma probability distribution function:

Gk,θ(t) = 1
θkΓ(k)t

k−1e−t/θ for t ≥ 0 . (1)
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In Equation 1, θ is the scale parameter which defines the width of the atom, k is the shape
parameter which corresponds to the system order, and Γ() is the gamma function. The atoms
are extracted using a matching pursuit approach [37], [38], using the weighted correlation
(WCORR) as cost function [39] between the reference F0 contour and its reconstruction
(frecon). The weighting function is obtained as a product between the probability of voicing
(POV) p(i) [40], and the energy (e) computed from the utterance.

First, the phrase atom is extracted, followed by the extraction of local atoms in an
iterative process, by selecting the atom that maximises the WCORR. There are two stopping
criteria used in the algorithm: i) frecon reaches a set WCORR threshold, and ii) the amplitude
of the local atoms falls below a set amplitude threshold. I have a fine control over atom
density, that is how many local atoms are matched. I carry out this by applying a scalar
multiplier, wrecon, to frecon when checking the fulfilment of the stop criterion. The higher
wrecon is chosen, the more dense decomposition is obtained. The local atoms are used for the
new stress detection approach. The local atoms are hypothesized to correlate strongly with
stress and phrasing.

4.1.2 The WCAD-based Stress Detection Approach

The main steps of my WCAD-based stress detection algorithm are the following:

1. Local atom extraction: local atoms are extracted from speech recordings as outlined
in Section 4.1.1. Several different wrecon settings are used (between 0.025-0.5), to
control the atom density, which also affects the stress detection and PP segmentation
performance. Atoms’ timestamp and amplitude are outputs of the WCAD algorithm.

2. Labelling by atom amplitude: The extracted atoms are grouped as atoms with
positive (peaks) and negative amplitude (valleys). Peaks are labelled as ‘H’ (referring
also to a kind of high accent), while the valleys as ‘L’ (low accent).

3. Labelling syllables: Syllable start and end times are derived from the phone seg-
mentation of the ASR-forced alignment or decode hypothesis. Syllables are labelled
according to their position within the word. Word-initial (WI), word-internal (or
within-word, WW), word-terminal (WT) and singleton (WS) (words composed of a
single syllable) are marked.

4. Linking atoms to syllables: Each atom is linked to the syllable within which it
occurs according to timestamps. In some cases, especially in case of higher iteration
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numbers resulting from applying a higher wrecon during WCAD, syllables may be
assigned having several atomic peaks or valleys. This happens usually at utterance
initial or final positions. In such cases, the number of atoms is reduced to a single one
per syllable:

• if all atoms have the same amplitude, the corresponding notation is applied (H
for peaks, L for valleys);

• if the atoms have different amplitudes, a majority decision is applied (H for more
peaks, L for more valleys);

• if the syllable is assigned an equal number of positive and negative amplitude
atoms, the atom which appears the first is considered to be dominant.

The final atom position is the one determined by the dominant atom.

An exact evaluation of stress detection can be performed if phonological phrase segmen-
tation is addressed. With such a segmentation approach, both peaks and valleys can be
simultaneously taken into account, and the evaluation is closer to possible applications as
well. Prior discussing PP results, statistics for the correlation between atoms and syllable
position w.r.t. the words are summarized for Hungarian and French (detailed in the thesis).

4.1.3 WCAD-based Phonological Phrasing Method for Hungarian

For Hungarian, the stress detection task and also the PP segmentation task are evaluated
on a subset of BABEL corpus which contains read speech utterances from 60 speakers (2.8
hours) [41]. The subset contains 400 sentences with PP segmentation. Word and phone
annotations are generated via ASR forced alignment, then a rule-based syllabifier is executed.

Stress-related Correlations for Hungarian
Given the fixed stress on the first syllable in Hungarian and other intonational charac-

teristics outlined in [42], I hypothesize (auxiliary hypotheses), that atom peaks are mostly
associated to word-initial syllables, whereas atom valleys are associated to word-terminal
syllables in Hungarian. Words with single syllable were incorporated in the calculation,
according to their atom characteristics.

Relative frequency-based measurements (see R1, R2, R3 metrics in thesis) showed on
BABEL that around 60% of word-initial (or singleton) syllables get marked by an atom
peak, and around 50% of word-terminal (or singleton) syllables are marked by atom valleys.
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Considering the phenomenon of continuation rise at word-terminal syllable, around 85% of
atom peaks can be potentially relevant in signalling a phonological phrase boundary.

Regarding the ratio of peak (or valley) syllables w.r.t. all potential word-initial (or
word-terminal) syllables (see R4 and R5 metrics in thesis), stress patterns and phrasing are
subject to speaking style and speaker changes (see [43]), and approximately 33-50% of the
words are stressed on average in Hungarian read speech [44]. The obtained results are hence
rather satisfactory, confirming my auxiliary hypotheses.

The Evaluation of PP Segmentation for Hungarian
Thesis I.A. [C3, J2] I experimentally confirmed, that my atom decomposition-based

phonological phrasing method significantly outperforms the HMM/GMM baseline method (by
relative 7% in F1, on the investigated Hungarian corpus).

According to the results presented in Section 4.1.2., it is easy to construct a PP segmentation
from atoms linked to syllables. From the phone segmentation, silence regions longer than
200 ms are preserved, then the decision is made according to the followings:

• a peak (H) signals a PP onset if it is associated with the first syllable of any word;
• a peak (H) signals a PP ending with a continuation rise if it is associated with the last

syllable of any word and is followed by silence;
• a valley (L) signals a PP ending. If it is followed by silence, the utterance also

terminates.

I evaluated this method against an HMM/GMM baseline model as described in [5]. I
calculated the Recall and Precision metrics based on True Positive (TP ), False Negative
(FN) and the False Positive (FP ) values, then F-measure:

Recall = TP

TP + FN

Precision = TP

TP + FP

Fβ = (1 + β2) · Precision ·Recall
(β2 · Precision) +Recall

, β = 1, 2...

(2)

In my case, the number of correct phonological phrases (PPs) bounded by stressed syllables
(or silent segments) are counted, when PPs are compared to hand-labelled references prepared
by linguistic experts. Detection is regarded to be correct if the boundary is detected within
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a TOL vicinity of the reference timestamp. The TOL value defines hence an interval within
which the prediction is accepted as correct.

Both the baseline HMM/GMM and the WCAD methods allow for the control of PP
insertion “willingness” of the systems. The insertion log-likelihood logPins in HMM/GMM
and wrecon weighting factor in WCAD parameters are used to obtain plots of operation
curves in the precision and recall space by tuning finely between dense (high recall, lower
precision) and sparse (high precision, lower recall) PP segmentations.

Figure 1: Recall, precision, and F-measures of the HMM/GMM (baseline) system and the
WCAD system in phonological phrasing, Hungarian, TOL=100 ms.

Precision and recall plots can be seen in Fig. 1 for Hungarian, with the overall F1 and F2

scores. The overall F -scores were calculated as the unweighted average of F1 and F2 scores,
at all measured operating points of each method, which equals to the different parameter
values of each method (WCAD uses 10 of wrecon, while HMM/GMM uses 25 of logPins
values). I measured that the performance of the WCAD approach is significantly higher than
that of the baseline system in terms of F1 by relative 7% (p < 0.05).

To compare the performance of the two methods on a second way, I selected the
corresponding operating points which have maximum in F1 measure, that is, by wrecon = 0.5
in the case of WCAD, and by logPins = −30 in the case of HMM/GMM (F1 = 0.72 and
F1 = 0.67, respectively); the difference is also relative 7%, in favor of WCAD method.

Concluding the previous sections on PP detection for Hungarian, results confirmed
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the high correlation between atom peaks and stress as well as between atom valleys and
upcoming stress on the next word.

4.1.4 Hybrid Phonological Phrasing Method for Hungarian

Thesis I.B. [C2, J2] Combining my atom decomposition-based solution and the HMM/GMM
baseline approach, the obtained hybrid model yields a significant increase in the performance
of automatic phrasing over the HMM/GMM baseline (by relative 11% in F1, on the investi-
gated Hungarian corpus).

In the hybrid approach I combined the WCAD and the HMM/GMM approaches, then I
tested the hybrid model on the phonological phrasing task. A straightforward scheme for a
combination is to align the produced PP sequences and merge boundaries which are located
close to each other, as the two systems may detect the same boundary by some time shift
due to the different paradigms they rely on. For merging, I preserve boundaries further apart
than 250 ms to avoid duplicate detections from the two alignments.

The precision, recall and overall F-measures for the hybrid Hungarian system are shown
in Fig. 2.

Figure 2: Recall and precision of the HMM/GMM (baseline), the WCAD system and the
hybrid system in phonological phrasing, Hungarian, TOL=100 ms.

The number of measured operating points in case of hybrid model is the same as for
HMM/GMM method, by overall F-score calculation. This combined approach significantly
(p < 0.05) outperforms both individual systems for Hungarian, by 11% relative in the average
F1 score (derived from the measured operating points) compared to the baseline.
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Moreover, highest F1-score (F1 = 0.74) is achieved, when the PPs of WCAD by wrecon =
0.5, and PPs of HMM/GMM by logPins = −30 are combined, showing relative 9.5% increase
compared to the F1-maximum of HMM/GMM baseline.

4.1.5 WCAD-based and Hybrid Phonological Phrasing Methods for French

For French, a subset of SIWIS corpus was used for the stress detection and PP segmentation
experiments [45]. The provided corpus was recorded from 20 speakers (2.2 hours), but only
including PP-level segmentation for 300 sentences, altogether with word- and phone-level
annotations. Then a rule-based syllabification is also performed.

Stress-related Correlations for French
French has a tendency to mark the right edges of PPs by rising F0 contour [34]. However,

this is not a general phenomenon. For example, the end of an utterance or the focus
may even have contours rather similar to the ones seen in Hungarian (with stress at the
beginning). Observing the intonational patterns of phonological phrases in French, the
following hypothesis was drawn by approximating the F0 contour with WCAD; double
markers for PPs can be found, both at the onset and at the end, being of inverse nature.
This means that either a peak at the onset can be expected, and a valley at the end, or
a valley at the onset and a peak at the end. I counted pairwise occurrences of peaks and
valleys, where a word-initial peak follows a word terminal valley or a word initial valley
follows a word terminal peak. Results show 63-80% precision on SIWIS for word-boundary
recovery based exclusively on atom pairs by different wrecon settings. I consider this precision
value high enough for technical exploitation in prosodic stress detection and phrasing.

The Evaluation of PP Segmentation for French
Thesis I.C. [J2] I have experimentally confirmed, that the adaptation of my atom

decomposition-based phonological phrasing method for French yields comparable results to the
baseline HMM/GMM approach, while combining the two methods significantly outperforms
the baseline (by relative 6% in F1, on the investigated corpus).

PP segmentation for French is adopted as follows: from the phone segmentation, silence
regions longer than 200 ms are preserved, then the approach checks the followings:

• a peak (H) signals a PP onset if it is associated with the first syllable of any word. In
this case, the next valley (L) associated with the last syllable of a word is where the
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PP ends;
• a valley (L) signals a PP onset if it is associated with the first syllable of any word. In

this case, the next peak (H) associated with the last syllable of a word is where the
PP ends.

I adopted the same merging strategy for French hybrid model, as I presented it in
Section 4.1.4 for Hungarian. For French I present results together with the hybrid system
described in this section (see Fig. 3), as the WCAD approach did not lead to significant
improvement over the baseline for this language. However, the hybrid model yields 6%
relative improvement (p < 0.05) in the unweighted average of F1-scores of the measured
operating points, compared to the baseline.

The maximum of F1 (F1 = 0.62) was yielded by wrecon = 0.5 setting in the case of
WCAD, while in the case of baseline system (F1 = 0.68) it was yielded by logPins = −20
setting. The hybrid approach yields the best result in F1-score (F1 = 0.71), when the PPs of
WCAD by wrecon = 0.025, and PPs of HMM/GMM by logPins = 5 are combined, reaching
rel. 4% improvement compared to the baseline.

Figure 3: Recall, precision, and F-measures of the HMM/GMM (baseline) system and the
WCAD system in phonological phrasing, French, TOL=100 ms.
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4.2 Automatic Punctuation with Neural Networks

The necessity of punctuation by ASR transcripts is unavoidable in case of SLU-related
tasks. For instance, the text parser pipeline (including tokenization, Part-of-Speech tagging,
dependency parsing, etc.), machine translation, automatic document summarization, they
all rely on structured, segmented texts. On the other hand, punctuation even helps human
understanding, e.g. punctuated closed captions for the end-users. Recently, the Deep Neural
Network-based models provide the state-of-the-art results in this topic [46, 47, 48]. While
the strength of Recurrent Neural Networks (RNNs) lies in exploiting information from wide
word contexts (where the words are transformed to an embedding space [10]), it was also
proven for English that a Convolution Neural Network (CNN) approach based on low-level –
character – features is also worth to be included for automatic punctuation [49].

I propose first a word-based RNN model for punctuation restoration for Hungarian, and
compare its performance to a MaxEnt baseline model. This solution is intended to be used
for punctuation of ASR closed captioning data. As producing closed captions is required
especially for live programs [50], almost real-time (on-line) processing with little latency shall
be guaranteed. Therefore, word-based approaches were evaluated on automatic and manual
transcripts and in various setups including on-line and off-line operation. Furthermore,
character-level and hybrid approaches (combining character, word, and acoustic features)
are introduced for Hungarian punctuation restoration, but only in off-line operation. Apart
from the purely prosody based approach outlined in [51], I am not aware of any prior work
for punctuation restoration for Hungarian speech transcripts.

4.2.1 The Hungarian Broadcast Dataset

The Hungarian Broadcast Dataset was used for the word-level, the character-level, and the
combined textual experiments, where the transcripts are derived from public broadcasts
of the Media Service Support and Asset Management Fund (MTVA), Hungary2. The
raw data contains various TV genres such as weather forecasts, broadcast (BC) news and
conversations, magazines, sport news and sport magazines. The punctuation marks addressed
in the experiments include commas, periods, question marks and exclamation marks.
The colons and semicolons were all mapped to commas, whereas all other punctuation marks
were simply removed from the corpus. The dataset is split into non-overlapping train,

2The support of colleagues of Speechtex Ltd. is greatly appreciated.
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validation and test subsets by the experiments (I reserve a disjunct 20% of the training
corpus for validation). Characteristics of the used subsets are summarized in Table 1.

Table 1: Statistics of the Hungarian Broadcast Dataset

Genres Training & Validation Test
#Words #Com #Per #Que #Excl #Words #Com #Per #Ques #Excl WER

Weather 478K 40K 31.5K 30 730 2.4K 250 200 0 20 6.8
Brc.-News 3493K 279K 223K 3.5K 4.6K 17K 1.5K 1K 20 50 10.1
Sport news 671K 55K 39.5K 280 2K 6K 500 400 2 30 21.4
Brc.-Conv. 4161K 533K 225K 26.5K 4K 46.8K 6.3K 2.6K 250 130 24.7
Sport mag. - - - - - 22.7K 2K 1.4K 100 50 30.3
Magazine 4909K 732K 376K 72K 36K 10.4K 1.5K 700 150 70 38.7
Mixed 1526K 187K 102K 11K 11.4K 30.7 4K 1.7K 280 150 -
ALL 15238K 1826K 997K 113K 58.8K 136K 16K 8K 800 500 24.2

I evaluated both manual and ASR transcripts; ASR transcripts correspond to the
use case where the system is used in normal operation mode, manual transcripts are used
for supervised training and benchmarking. The ASR used for the experiments is the closed
captioning system presented in [12]. The overall word error rate (WER) on the entire
punctuation test set was 24%, albeit WER showed a large variance depending on genre (see
Table 1).

4.2.2 The Word-based RNN Model

Fig. 4 shows the networks used during the experiments. The text data is split into fixed-length
sub-sequences called chunks, which are input to the model. Words are indexed by t = 1..T ,
where T equals to the length of chunks. The words are projected into the embedding space
using a pre-trained embedding matrix and a fixed-size vocabulary. The following layer is
composed of LSTM or BiLSTM hidden cells, which structure altogether captures a context
for xt. The output is obtained by applying a softmax activation function to predict the yt
punctuation label for the slot preceding the current word xt.

The Hungarian punctuation models are trained on the 100K most frequent words in
the training corpus, by mapping the remaining outlier words to a shared ”Unknown”
symbol. RNN-based recovery models use 600-dimensional pre-trained Hungarian word
embeddings [52]. This relative high dimensionality of the embeddings comes from the highly
agglutinating nature of Hungarian. During training, categorical cross-entropy cost function
is used and the imported embeddings also let to learn. The hyperparameter-optimization is
explained in the dissertation for Hungarian WE-BiLSTM and WE-LSTM models.
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Figure 4: Structure of WE-BiLSTM (left) and WE-LSTM (right) RNN models

To evaluate my word-based approach in two setups, a baseline MaxEnt universal sequential
tagger called Huntag [19] was used with word-related input features. While in the off-line
mode, the future word context is also exploited to achieve the best result with the given
features and architecture, I also do a performance analysis when switching to on-line mode,
where the punctuation restoration depends only on the past word context.

The Evaluation of the Word-based RNN Model
Thesis II.A. [C6, C7, C17] I have experimentally confirmed, that my word-based RNN

model for automatic punctuation significantly outperforms the Maximum Entropy-based base-
line system, in off-line operation mode, for Hungarian language (20% relative improvement
on reference transcripts, and 10% relative improvement on ASR transcripts in SER).

Since punctuation prediction can be considered as a classification task (where the punctu-
ation marks are the classes), the evaluation was done with the aforementioned standard
information retrieval metrics (Precision, Recall, F1). In addition, I also give the Slot Er-
ror Rate (SER) [53], as it incorporates all types of punctuation errors – insertions (Ins),
substitutions (Subs) and deletions (Dels) – into a single measure, and weights them equally:

SER = C(Ins) + C(Subs) + C(Dels)
C(slotsp)

, (3)

where slotsp refers to the number of punctuation marks in the reference, and C(.) is the
count operator.

The obtained results on Hungarian Broadcast Dataset are presented in Table 2 for the
manual transcripts and in Table 3 for the automatic (ASR) transcripts, respectively.
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Table 2: Punctuation restoration results for Hungarian manual transcripts

Manual
Transcript

Model Comma Period Question Exclamation SER

Pr Rc F1 Pr Rc F1 Pr Rc F1 Pr Rc F1
Off-line
mode

MaxEnt-(19,19) 72.5 59.6 65.5 52.1 40.0 45.2 55.7 21.8 31.3 31.1 31.5 31.3 63.5
WE-BiLSTM 72.9 71.2 72.0 59.1 56.1 57.6 52.4 38.7 44.5 51.3 36.1 42.4 50.1

On-line
mode

MaxEnt-(25,1) 71.8 58.1 64.2 47.5 35.7 40.8 50.4 16.2 24.5 29.3 33.3 31.2 66.9
WE-LSTM 72.7 69.5 71.1 56.2 48.3 52.0 60.4 31.1 41.1 61.1 29.4 39.7 53.6

Switching to the RNN-based punctuation restoration for Hungarian manual transcripts
significantly (p < 0.05) reduces SER by around 20% relative compared to the baseline
MaxEnt approach. WE-BiLSTM and WE-LSTM are especially powerful in restoring periods,
question marks and exclamation marks as they are able to exploit large contexts much more
efficiently than the MaxEnt taggers.

Table 3: Punctuation restoration results for Hungarian ASR transcripts

ASR
Transcript

Model Comma Period Question Exclamation SERPr Rc F1 Pr Rc F1 Pr Rc F1 Pr Rc F1
Off-line
mode

MaxEnt-(19,19) 64.5 55.8 59.9 41.1 31.2 35.6 41.2 8.8 14.4 48.8 17.1 25.4 79.2
WE-BiLSTM 63.9 67.7 65.7 50.5 49.0 49.8 37.7 24.1 29.4 60.9 24.0 34.4 70.1

On-line
mode

MaxEnt-(25,1) 64.3 54.9 59.2 38.9 29.4 33.5 36.0 7.1 11.9 47.1 20.6 28.6 81.3
WE-LSTM 63.8 65.1 64.4 47.8 42.0 44.7 48.5 20.5 28.9 61.8 21.7 32.1 73.1

Comparing off-line and on-line results, dropping the future context causes only 2-4%
relative decrease in performance. The features from the future word sequence seem to
be more related to increase recall, otherwise the WE-LSTM is an equally suitable model
for punctuation recovery, and is suitable for real-time application. Comparing results on
manual and ASR transcripts shows that ASR-errors propagate into the punctuation module:
switching from manual transcripts to ASR hypotheses resulted in 15-20% increase in SER.
Although the performance gap is decreased between the two approaches when evaluating
ASR Transcripts as test input, my RNN approaches still outperform the MaxEnt baseline
significantly (p < 0.05), by 10% relative w.r.t SER.

After the word-level punctuation approach, I implemented a character-level model. Its
advantage for the agglutinative Hungarian language compared to the word-level model is
that it is not necessary to map Out-Of-Vocabulary words to a common Unknown symbol,
as the vocabulary will not explode thanks to the limited number of characters. This way, the
influence of rare words is not lost, hence this model allows for better generalization ability.
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4.2.3 The Character-based CNN-RNN Model

In case of my character-level neural network also fixed-length chunks are used. As Fig. 5
shows, each word is represented as a sequence of characters.

Figure 5: Structure of CE-CNN-BiLSTM RNN model

Each character is mapped into the embedding space, then 1D-convolution operation
produces many feature maps. Then a downsampling with MaxPooling is executed to extract
a new feature vector. Finally, a BiLSTM is responsible for representing the context of xt. At
the output, a softmax layer determines the posterior probabilities for the punctuation task.
The intermediate Dropout layers help preventing overfitting on the training set. This model
is called CE-CNN-BiLSTM, where “CE” comes from Character Embedding.

I performed a systematic grid search optimization for hyperparameters on the same
validation set for CE-CNN-BiLSTM as for WE-BiLSTM. More details can be found in
the dissertation. Before the implementation of the hybrid and weighted ensemble models,
I evaluated other two pre-trained embeddings for word-level models as well, hence in the
notation of word-level Hungarian models, the number refers to the embedding dimension
(see WE-BiLSTM-152). The previous word-level model (with 600-dimensional embedding)
was also re-trained from scratch.
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The Evaluation of the Character-based CNN-RNN Model
Thesis II.B. [C9] I have experimentally confirmed, that automatic punctuation using a

character-based CNN-RNN model for Hungarian is also possible; my CNN-RNN model yields
slightly lower performance compared to my word-based punctuation approach presented in
Thesis II.A.

Despite its lower performance, the main advantage of the character-level model against
the word-level model that it eliminates the problem of vocabulary explosion, and it also
handles the rare words (at least, their n-gram forms). The obtained results are presented
in Table 4 for the manual transcripts and in Table 5 for the automatic (ASR) transcripts,
respectively. Considering the performance of character-based punctuation recovery by the
different punctuation marks, the tendency is the same as it was shown in Section 4.2.2. The
importance of word-level features is reflected by the difference in character- and word-level
results; especially in case of period and question mark restoration.

Table 4: Punctuation restoration results for Hungarian manual transcripts

Model Type Model name Comma Period Question Exclamation SERPr Rc F1 Pr Rc F1 Pr Rc F1 Pr Rc F1
Char-level CE-CNN-BiLSTM 74.1 65.9 69.8 56.2 44.9 49.9 54.5 28.6 37.5 62.3 20.0 30.3 55.0

Word-level
WE-BiLSTM-152 73.7 67.5 70.5 61.8 46.8 53.3 62.0 24.6 35.2 46.3 23.0 30.7 52.0
WE-BiLSTM-300 74.5 69.8 72.1 60.4 54.2 57.1 47.5 43.8 45.6 45.3 24.4 31.7 49.7
WE-BiLSTM-600 74.5 70.5 72.4 61.8 52.5 56.8 56.8 32.2 41.1 50.8 31.7 39.0 49.2

Table 5: Punctuation restoration results for Hungarian ASR transcripts

Model Type Model name Comma Period Question Exclamation SERPr Rc F1 Pr Rc F1 Pr Rc F1 Pr Rc F1
Char-level CE-CNN-BiLSTM 64.9 61.8 63.3 46.8 38.9 42.5 40.2 18.0 24.9 65.9 16.0 25.7 73.7

Word-level
WE-BiLSTM-152 65.6 63.5 64.5 54.4 40.1 46.2 47.5 13.4 20.9 72.3 17.1 27.7 68.8
WE-BiLSTM-300 65.8 65.5 65.6 52.0 46.4 49.1 37.9 27.7 32.0 67.9 15.1 24.8 68.3
WE-BiLSTM-600 64.7 67.3 66.0 53.5 44.9 48.8 45.9 18.0 25.9 74.7 21.1 33.0 68.3

The performance of the character-level model is comparable, but inferior to the word-
level one (with different embeddings) by 5-10% relative w.r.t. SER in the case of manual
transcripts, and by 7% relative w.r.t SER in the case of ASR transcripts.

I combined the character-level and word-level base models into textual hybrid and
ensemble approaches, which yielded higher performance in punctuation accuracy (see next
Section).
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4.2.4 Combined Text-based Models

Textual Hybrid Model
The text-based hybrid model receives multiple inputs; it learns both from character-

and word-level features, and produces output probabilities for punctuation marks. The
hyperparameters of the best character- and word-level models are re-used. As Fig. 6 shows,
the lower stacked layers of the text-based models are concatenated by the Merge layer.
Therefore, a joint feature vector is created from character-level features (learned from 1D
Convolution - MaxPooling operations) and pre-trained word-level embeddings. Then the
BiLSTM and softmax layers play the same role as in case of single models to make predictions
for punctuation marks.

Figure 6: Structure of the textual hybrid model

Textual Weighted Ensemble Model
The ensemble consists of two single models; a character-level and a word-level one. After

training the single models separately, the two predictions are combined by taking the weighted
average of the output probability distributions. The component weights sum to 1 and they
are determined on the validation set. In the notation of a weighted ensemble, the first weight
belongs to the character-level model, and the second one to the word-level model.
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The Evaluation of the Combined Text-based Models
Thesis II.C. [C9] I have experimentally confirmed, that my hybrid punctuation model

consisting of character- and word-based components significantly outperforms my word-based
punctuation model for Hungarian in terms of SER (by 3-9% relative for manual transcripts
and by 2-3% relative for ASR transcripts on the investigated corpus).

The obtained results on Hungarian Broadcast Dataset are presented in Table 6 for
the manual transcripts and in Table 7 for the automatic (ASR) transcripts, respectively. For
the sake of completeness and better understanding of the notations, the results of the base
models (both character-level and word-level) are also included in the tables.

Table 6: Punctuation restoration results for Hungarian manual transcripts

Model Type Model name Comma Period Question Exclamation SERPr Rc F1 Pr Rc F1 Pr Rc F1 Pr Rc F1
Char-level (1) CE-CNN-BiLSTM 74.1 65.9 69.8 56.2 44.9 49.9 54.5 28.6 37.5 62.3 20.0 30.3 55.0

Word-level
(2) WE-BiLSTM-152 73.7 67.5 70.5 61.8 46.8 53.3 62.0 24.6 35.2 46.3 23.0 30.7 52.0
(3) WE-BiLSTM-300 74.5 69.8 72.1 60.4 54.2 57.1 47.5 43.8 45.6 45.3 24.4 31.7 49.7
(4) WE-BiLSTM-600 74.5 70.5 72.4 61.8 52.5 56.8 56.8 32.2 41.1 50.8 31.7 39.0 49.2

Hybrid
(1)+(2) 76.1 70.3 73.1 60.7 59.6 60.1 63.0 40.9 49.6 43.7 25.2 32.0 47.3
(1)+(3) 74.6 72.6 73.6 65.5 53.5 58.9 61.9 37.1 46.4 45.6 26.2 33.3 46.7
(1)+(4) 74.3 72.7 73.5 63.6 53.4 58.1 63.9 30.8 41.6 48.3 30.6 37.5 47.5

Weighted
Ensemble

0.47*(1)+0.53*(2) 76.0 66.9 71.2 63.6 47.0 54.1 69.6 27.0 38.9 67.3 20.4 31.3 50.4
0.35*(1)+0.65*(3) 76.5 69.3 72.7 63.5 52.7 57.6 56.1 38.9 45.9 46.4 22.4 30.2 47.9
0.38*(1)+0.62*(4) 76.3 69.5 72.7 64.3 51.3 57.1 62.7 31.9 42.3 55.8 26.2 35.7 48.0

Table 7: Punctuation restoration results for Hungarian ASR transcripts

Model Type Model name Comma Period Question Exclamation SERPr Rc F1 Pr Rc F1 Pr Rc F1 Pr Rc F1
Char-level (1) CE-CNN-BiLSTM 64.9 61.8 63.3 46.8 38.9 42.5 40.2 18.0 24.9 65.9 16.0 25.7 73.7

Word-level
(2) WE-BiLSTM-152 65.6 63.5 64.5 54.4 40.1 46.2 47.5 13.4 20.9 72.3 17.1 27.7 68.8
(3) WE-BiLSTM-300 65.8 65.5 65.6 52.0 46.4 49.1 37.9 27.7 32.0 67.9 15.1 24.8 68.3
(4) WE-BiLSTM-600 64.7 67.3 66.0 53.5 44.9 48.8 45.9 18.0 25.9 74.7 21.1 33.0 68.3

Hybrid
(1)+(2) 65.9 66.1 66.0 51.7 50.8 51.2 46.2 22.0 29.8 63.2 13.7 22.5 67.6
(1)+(3) 65.0 68.3 66.6 56.3 45.4 50.2 48.3 23.0 31.2 67.4 16.6 26.6 66.2
(1)+(4) 65.0 68.9 66.9 54.6 46.0 49.9 50.5 18.4 27.0 69.2 21.1 32.4 67.0

Weighted
Ensemble

0.47*(1)+0.53*(2) 67.6 62.7 65.0 55.4 39.0 45.8 49.4 15.2 23.2 76.0 16.3 26.8 67.5
0.35*(1)+0.65*(3) 67.3 62.9 65.0 53.4 41.6 46.6 45.6 19.5 27.3 73.0 16.6 27.0 68.0
0.38*(1)+0.62*(4) 66.9 63.6 65.2 54.1 41.4 46.9 47.8 17.7 25.8 74.7 17.7 28.6 68.0

Comparing the hybrid and weighted ensemble models to the character- and word-level
approaches, the combined models yield better performance than their base models with a
“single” (word or character) input. The weighted ensembles provide the highest precision in
most case and the weights show the moderate dominance of the word-level model in the
ensemble. On the other hand, the hybrid models (involving the character-level features for
the punctuation task) yield higher recall, and the best overall results, accounting for 3-9%
significant (p < 0.05) improvement in SER compared to their base word-level models with
various word embeddings.
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Comparing the hybrid and the weighted ensemble results to manual transcripts, the
combined models give a somewhat smaller, but still significant (p < 0.05) 2-3% relative
improvement in performance w.r.t. SER when using ASR Transcripts. All in all, the tendency
does not change, thus the hybrid model (trained with character- and word-level features)
shows the best results in punctuation restoration.

4.2.5 Towards a Hybrid Textual-acoustic Approach

The MTVA-3h database
First I used two databases to evaluate my textual-acoustic punctuation approaches; a

dataset covering mainly Hungarian Broadcast News genres [54] and the Hungarian part of
BABEL [41]. The corresponding results can be found in [C13, C18]. The main problem with
their ASR transcripts, that due to the highly error-prone circumstances (WER=34.6% and
WER=50% for the two corpora), the role of punctuation may become irrelevant.

Therefore, I organized a sub-corpus from the original test dataset of the Hungarian
Broadcast Dataset, involving only the reference and ASR transcripts of all weather forecast,
all sport news and some broadcast news (selected based on the lowest WER values). This
corpus contains cca. 3 hours of recordings and 24K words, further referred to as MTVA-3h.
The ASR system produced a WER=10.3% on this part of the Hungarian Broadcast Dataset.
Unlike in the case of the original dataset, I carefully annotated the ASR transcripts of this
small corpus with punctuation marks. Again, the number of question and exclamation marks
are underrepresented in this sub-corpus. This material was divided as 60%-20%-20% for
training, validation and testing purposes.

Acoustic-prosodic Model
I was interested in exploiting the advantages of text- and acoustic-based punctuation

methods together, which required to integrate an acoustic-prosodic component. I keep only
the acoustic-prosodic feature pre-processing steps from [51], to ensure an end-to-end solution
instead of any dependency on external modelling component. F0 and overall energy was
extracted and their first and second order derivatives are also computed.

The input vector is augmented by the durations of the preceding word and of the pause at
the word boundary, then it is fed into a bidirectional LSTM layer, followed by a softmax to
predict the punctuation. This P-BiLSTM model allows for use with low amount of training
data as I have limited amount of audio data transcribed with punctuation.
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Textual-acoustic Hybrid Models
The acoustic-based model are trained “from scratch” on MTVA-3h corpus, while the

character- and word-level models are pre-trained with the corpus described in Section 4.2.
After that, I applied the transfer learning method [55] to adjust them to the smaller MTVA-
3h corpus. Then I combined the character (C, earlier CE-CNN-BiLSTM), word (W, earlier
WE-BiLSTM) and prosody (P from P-BiLSTM) based models pairwise (C+W, C+P, W+P)
and also into a triple (C+W+P) hybrid model. In case of these hybrid models, the most
efficient combination was to concatenate the respective BiLSTM hidden states of C and/or
W models with the input of the P model. Compared to the text-based solution presented
in Section 4.2.4, these hidden states were not utilized in that final model. Finally, a new
shared bidirectional LSTM layer and a new softmax layer are stacked over the concatenated
layers of the single models at the textual-acoustic approaches.

The Evaluation of Textual-acoustic Hybrid Models
Thesis II.D. [C13, C18] I have experimentally confirmed, that my hybrid punctuation

model consisting of character-, word- and prosody-based components significantly outperforms
my character-word based hybrid on the manual and ASR transcripts of the involved Hungarian
corpus (by 8% and 6% relative in SER, respectively).

The F1-scores (computed from precision and recall) are provided, altogether with Slot Error
Rates. The results on the Hungarian MTVA-3h corpus are shown in Fig. 7 and in Table 8.

Text-based (C and W) models yield good comma recovery, but the C model performs
weaker for periods, both on reference (REF) and ASR transcripts. On the other hand, as
sentence endings tend to be more marked by prosody, the P model performs well with
period prediction, but has weak comma prediction capabilities. Of course, word errors of
ASR transcripts also have a negative impact on P model, if word boundaries are falsely
hypothesised. The W model is only slightly worse in the period restoration than P model
is. Regarding the restoration of question and exclamation marks, the P model performs
weak. The reason behind that supposed to be two-fold; (i) the data is imbalanced among the
four investigated punctuation marks; (ii) the intonation of the questions and exclamations
often does not correspond to the proper interrogative or exclamative modalities. The textual
models can deal with exclamation marks, thanks to the pre-trained phase as well.

Combining the single models leads to overall improvement (with C+P, W+P and
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Table 8: Slot Error Rates for
the MTVA-3h Corpus

Model
Type

SER
REF

SER
ASR

C 51.0 57.4
W 38.5 48.7
P 76.7 84.6
C+W 38.2 46.7
C+P 36.3 45.2
W+P 36.2 44.9
C+W+P 35.0 44.1

Figure 7: F1-results on reference and ASR transcripts of
MTVA-3h corpus, including hybrid models for punctuation

C+W+P). Overall the best models were C+P on reference (F1 = 78.0%;SER = 35.0%)
and on ASR (F1 = 72.8%;SER = 44.1%). Involving prosodic features (W+P), I obtained
significant (p < 0.05) improvement over the word-level baseline by 6% and 7.8% on the
reference and the ASR transcripts, respectively.

Similarly, when I added prosodic features to the C+W hybrid (hence C+W+P was
established), I measured significant (p < 0.05) improvement in punctuation performance over
the C+W hybrid by 8.4% and 5.6% on the reference and the ASR transcripts, respectively.

Summarizing the results, for the highly agglutinating and relatively free word order
Hungarian, significant improvement (by p < 0.05) can be obtained in overall punctuation
over the W baseline by adding the character-level and prosodic features.
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4.3 User-centric Evaluation of Automatic Punctuation

It was already proven, that from the perspective of ASR-based Closed Captioning (CC)
and spoken language understanding (SLU), traditional ASR performance indicators such as
WER are not the optimal choice, as WER correlates with the human subjective performance
poorly [56, 57]. During my work on automatic punctuation, similar concerns arose whether
the Slot Error Rate (SER), the corresponding objective measure match well the end-user
impression. Moreover, as the automatic punctuation is one of the possibilities to let the
CC systems provide more readable, understandable, user-friendly captions [58], both for
people with normal hearing, and also for DHH people, I carried out subjective tests with the
subjects of both audience. The primary question was, whether the automatic punctuation,
which itself is prone to transcription errors, helps the readers at all? The following theses
are intended to answer this particular question.

4.3.1 Subjective Test with Normal Hearing Subjects

Thesis III.A. [C11] I confirmed with statistical experiments, that the ASR output enriched
by my automatic punctuation approach is significantly more understandable for the normal
hearing subjects than the unpunctuated transcript.

To make the assessment possible for the ASR and the punctuation model both together
and separately, I considered six caption text types (ASR or manual transcripts, combined
with automatic, manual, or no punctuation). I carried out the subjective evaluation with the
word-based RNN automatic punctuation model. The caption text types were selected from
the test subset of Hungarian Broadcast Dataset, balanced for its six genres (see Table 1 in
Section 4.2.2).

The subjective rating test was organized involving 181 participants, leading to 460
ratings overall. All subjects were native Hungarian speakers. Subjects evaluated the texts
on a five-grade scale regarding text understandability against the perception of word or
punctuation errors. Mean Opinion Scores (MOS) computed on the ratings are shown in
Table 9, together with pairwise Mann-Whitney U-tests (p=0.05), to test whether the MOS
obtained for the different forms of the texts are significantly different.
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Table 9: Results of pairwise Mann Whitney U-test,
* marks significant MOS difference (p<0.05), U-values in the brackets

Caption Text Types MT-MP MT–AP AT-MP MT-NP AT-AP AT-NP MOS
MT-MP 1 4.27

MT-AP 0.002*
(1874.5) 1 3.87

AT-MP 0*
(1683.5)

0.007*
(2318) 1 3.45

MT-NP 0*
(1000.5)

0*
(1435)

0.017*
(2525) 1 3.13

AT-AP 0*
(1286)

0*
(1725.5)

0.013*
(2771.5)

0.436
(2896.5) 1 3.02

AT-NP 0*
(731.0)

0*
(1063.5)

0*
(2014.5)

0.033*
(2247)

0.376
(2828) 1 2.84

Manual Punctuation
For manual transcripts, the manual punctuation was significantly more preferred by the

test subjects over the unpunctuated MT-NP. In case of ASR transcripts, MOS of manually
punctuated captions (AT-MP) is significantly superior not only to AT-AP and AT-NP but
also to MT-NP, which means that even if the captions contain word errors, the presence of
precise punctuation can counteract this and leads to better understandability. These findings
suggest that people have a clear preference for punctuated texts.

Automatic Punctuation
For manual transcripts, scores showed significant preference for automatically punctuated

samples (MT-AP) over unpunctuated ones (MT-NP). Considering the captions with ASR
transcription (AT-AP and AT-NP), it is visible that the MOS has superiority for AT-AP.
However, this difference is not significant, due to the interplay of the effects (and errors) of
automatic transcription and punctuation. Re-running the evaluation for data with WER
limited at around 20%(with the top most three groups), a significant difference is
obtained between the MOS of AT-AP and AT-NP groups (3.51 vs. 3.02, respectively;
p=0.016).

It can be concluded that hearing people accept automatic punctuations if the quality of
the ASR transcription reaches a certain accuracy level, considering the effect of word errors.
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4.3.2 Subjective Test with DHH Subjects

Thesis III.B. [C11] I confirmed with statistical experiments, that the ASR-based closed
captions enriched by my automatic punctuation approach are more understandable for Deaf
and Hard-of-Hearing (DHH) end-users than the unpunctuated transcripts. DHH subjects
rated the automatically punctuated manual and ASR transcripts to be significantly more
understandable.

Thesis III.C. [C11] I confirmed with statistical experiments, that DHH people are not able
to perceive significant difference between the manual and the automatic punctuation; these
methods contributed to the comprehensibility in a similar manner.

Closed captioning is primarily required for DHH people, as television companies are obliged
to provide subtitles for all broadcast media. Thus I carried out subjective tests with DHH
subjects to see how my former findings generalize to the primary audience.

18 DHH students (aged 13-14 years) were asked to watch short, 1-1.5 minute long coherent,
muted and subtitled video recordings in a classroom experiment. Each video snippet was
prepared with 6 captioning strategies, where manual or ASR transcripts were combined with
manual, automatic, or no punctuation. Six students watched the samples pairwise for the
same video snippet with different caption texts at the same time, and were then asked to
indicate which version of the two they preferred, including a neutral choice option as well.

Table 10 summarizes results (votes received) on manual transcripts comparing pairwise
the different punctuation strategies, whereas Table 11 contains the results obtained using
ASR captions and, again, different punctuation strategies. Table 12 contains the overall
results of the two experiments.

Table 10: Closed Captioning results for Manual Transcripts

MT-AP vs. MT-NP MT-AP vs. MT-MP MT-MP vs. MT-NP
Genres MT-AP Same MT-NP MT-AP Same MT-MP MT-MP Same MT-NP
Weather 2 3 1 2 3 1 1 3 2

Sport news 5 1 0 1 4 1 3 3 0
All (%) 58.3 33.3 8.3 25.0 58.3 16.7 33.3 50.0 16.7
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Table 11: Closed Captioning results for ASR Transcripts

AT-AP vs. AT-NP AT-AP vs. AT-MP AT-MP vs. AT-NP
Genres AT-AP Same AT-NP AT-AP Same AT-MP AT-MP Same AT-NP
Weather 1 4 1 2 2 2 3 2 1

Sport news 4 0 2 2 4 0 5 1 0
All (%) 41.7 33.3 25.0 33.3 50.0 16.7 66.7 25.0 8.3

Table 12: Joint (MT+AT) Closed Captioning results

AP vs. NP AP vs. MP MP vs. NP
Genres AP Same NP AP Same MP MP Same NP

Weather 3 7 2 4 5 3 4 5 3
Sport news 9 1 2 3 8 1 8 4 0

All (%) 50.0 33.3 16.7 29.2 54.2 16.7 50.0 37.5 12.5

Pairwise exact tests [59] were performed, the cases where significant differences at p=0.05
were confirmed are the following:

1. For ASR Captions (including sport news and weather forecasts), there is a significant
difference between the votes for captions with manually added punctuation marks
(AT-MP) and captions without punctuation marks (AT-NP), favouring the punctuated
one (p=0.048).

2. Overall for all relevant pairs, there is a significant number of ratings (50% of the cases,
24 from 48), preferring the punctuated subtitles (MT-MP, MT-AP, AT-AP, AT-MP)
versus the lack of punctuation (AT-NP+MT-NP) (p=0.012).

3. For sport news, there is a significant difference between the votes for captions with
automatically restored punctuation marks (MT-AP+AT-AP) and captions without
punctuation marks (MT-NP+AT-NP), favouring the punctuated one (p=0.012).

4. For sport news, subjects were unable to make a difference between manual (MT-MP,
AT-MP) and RNN punctuation (MT-AP+AT-AP); the number of votes reflecting
neutral opinion on the difference is significantly higher than the two others (p=0.048).

Examining the votes person by person, 61% of them (11/18) have a positive balance in
favour of the enhanced captions (despite of some votes for unpunctuated subtitles), which
means DHH people preferred punctuations in videos.
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5 Applicability of My Results

Using my practical approaches, the functional expansion of the raw ASR-output is applicable,
relying on both acoustic/prosodic and textual information, which is an important step for
supporting Spoken Language Understanding for Hungarian as well. I proposed model
adaptations proving that my solutions can be extended to other languages.

Results of Thesis Group I. can be used for stress detection and phonological phrasing,
which yield an acoustically coherent speech segmentation. Phonological phrases (PPs) can
serve as input for a document summarization system, but not exclusively; I also showed
that with some high-level features derived from PPs (duration and word count), diagnostic
classification support can be developed for pathological subjects [C5, C16].

Results of Thesis Group II. allow for the automatic placement of punctuation marks in
the ASR output. As an off-line solution, punctuation restoration can be performed on fully
generated ASR-transcripts; in this way, a wide range of natural language processing related
tasks are allowed to be executed, beginning with the syntactic and semantic parsing, but
also generating question-answer pairs on the basis of punctuated transcripts. Considering
my on-line solution with low latency, it can be used in ASR-based closed captioning systems
to improve understandability of television programs.

In Thesis Group III. I demonstrated a proof-of-concept application with automatic
punctuation. The need for punctuation was clearly confirmed by the end-users (especially
by DHH-audience); to keep the low latency operation, this development expects the close
collaboration of speech technology experts, the end-users and the broadcast data providers.

As a future goal, a hybrid document summarization approach can be designed, for
example by a weighted combination of prosodic stress prediction and syntactic-semantic
information extraction from the structured text with automatically restored punctuation
marks.
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