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Abstract

The present paper focuses on the analysis
of automatic subtitles produced with three
different systems (HappyScribe, CapCut
and Amberscript). We compare the out-
puts among each other paying attention to
the categories of quality derived from au-
diovisual translation quality research. Be-
sides that, we consider the comprehensibil-
ity of the produced subtitles. Additionally,
we use automatic evaluation scores from
BLEU, BLEURT and BERTScore to as-
sess the overall quality. Our results show
that automatically generated subtitles re-
main below human standards in quality
and comprehensibility.

1 Introduction

The rapid development of language technology, in-
cluding automatic speech recognition (ASR) and
machine translation (MT), is profoundly reshap-
ing subtitling workflows and professional prac-
tices (Schmalz, 2019; Tardel, 2023). While
ASR has long been used in intralingual sub-
titling (Kiinzli, 2024b), demand is increasingly
shifting towards fully automatically generated sub-
titles produced without direct human interven-
tion (Agnetta, 2025). This trend is closely linked
to the ongoing digitalisation of media and the ex-
ponential growth of audiovisual content: Between
2014 and 2019 alone, the number of hours of “Net-
flix original content” increased by 2,400% (Papi
et al., 2023), exemplifying the scale of production
that challenges traditional subtitling capacities.
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To accommodate the increase, the audiovisual
translation (AVT) industry is integrating technolo-
gies driven by Artificial Intelligence (Al), see
e.g. (Bolanos Garcia-Escribano, 2025). Recent
advances in large language models (LLMs) show
that these models are also well-suited for handling
subtitling tasks (Tang et al., 2026). Al thus oc-
cupies a structural position within contemporary
AVT ecosystems, shaping expectations and prac-
tices among both professionals and audiences (Jaki
et al., 2024). However, subtitling remains a cog-
nitively and multimodally complex task (Jiingst,
2020).

While subtitling is inherently a multimodal
practice, this study adopts a text-centred analyt-
ical approach to systematically evaluate linguis-
tic quality and comprehensibility as key compo-
nents of multimodal reception. Although multi-
modality is not directly operationalised, several
analysed features such as omissions, segmenta-
tion, and reading speed (CPS/CPL), are function-
ally linked to multimodal processing and cogni-
tive load. We therefore frame this study as an in-
vestigation of linguistic performance under mul-
timodal constraints rather than as a comprehen-
sive multimodal analysis. High-level competences
are therefore necessary at every stage of the pro-
cess. In automated subtitling, these stages are dis-
tributed across technological components, includ-
ing ASR, automatic spotting and segmentation,
and MT (Karakanta et al., 2022).

In this paper, we analyse automatically gener-
ated interlingual subtitles from English into Ger-
man, comparing subtitles produced with three dif-
ferent systems. Besides this, we compare machine-
generated subtitles with those produced by hu-
mans. Our aim is to systematically evaluate the
linguistic performance of Al-based subtitle gener-



ation systems under multimodal constraints, focus-
ing on quality, comprehensibility and recurring er-
ror patterns. We specifically pay attention to the
quality measured with the framework established
in audiovisual translation, the FAR model. We also
aim to find out if the automatically generated sub-
titles achieve a high level of comprehensibility ex-
ploring possible comprehensibility issues that oc-
cur in automatically generated subtitles.

The remainder of the paper is organised as fol-
lows. Section 2 describes the main challenges of
subtitle production and gives an overview of re-
lated work. Section 3 presents our research design.
In Section 4, we outline our results, before drawing
conclusions in Section 5.

2 Theoretical Background and Related
Work

2.1 Challenges in subtitling

From a technical perspective, subtitling requires
precise synchronisation between image, source
text audio and subtitle display, a process referred
to as spotting (Diaz Cintas, 2015; Jiingst, 2020).
Spotting ensures that subtitles appear and disap-
pear in alignment with the audiovisual signal and
verbal content (ibid.). This process helps deter-
mining the duration of the subtitles, i.e., how long
the subtitles are displayed on screen for the audi-
ence (Kurch et al., 2015, 155).

Display time is generally constrained by min-
imum and maximum thresholds. A subtitle
should remain on screen for at least one sec-
ond (Kurch et al., 2015) and no longer than six
seconds (Diaz Cintas and Remael, 2007). Read-
ability guidelines specify quantitative parameters:
Characters per second (CPS) should not exceed
15 (Malzer and Wiinsche, 2018), and characters
per line (CPL) range between 37 and 42 (Jiingst,
2020; Papi et al., 2023). Limits in CPL vary de-
pending on the target audience and institutional
guidelines (Kiinzli, 2017; Milzer and Wiinsche,
2019).

Across academic research, guidelines and pub-
lic broadcasting standards, there is consensus that
subtitles should not exceed two lines (Bolafios
Garcia-Escribano, 2025; Jiingst, 2020). To ensure
comprehensibility when transferring longer utter-
ances into subtitle format, segmentation plays a
central role (Jiingst, 2020). During segmentation,
sentences are divided into logical semantic units,
enabling efficient processing and (information) re-

ception by the target audience (Kurch et al., 2015).
Segmentation thus supports readability under strict
temporal and spatial constraints. These constraints
show that subtitling is not merely a linguistic trans-
fer, but a regulated multimodal practice governed
by cognitive, temporal and spatial parameters.

Given the limitations imposed by characters per
second (CPS), characters per line (CPL), and dis-
play time, spoken dialogue cannot be transcribed
verbatim (Kurch, 2018; Milzer and Wiinsche,
2018). Subtitlers therefore apply reduction and
abbreviation strategies to ensure clarity and read-
ability (Kurch, 2018). Common techniques in-
clude condensation, summarisation and paraphras-
ing (Papi et al., 2023; Wiinsche, 2022). Further
strategies involve omission or deletion, which af-
fect non-essential elements of the source text —
such as repetitions or interjections (Jiingst, 2020)
— rather than content-bearing units (Kurch, 2018).
The reduction is possible because audiovisual texts
distribute information across both auditory and vi-
sual channels (Nardi, 2016). Subtitlers can there-
fore omit or shorten elements already conveyed vi-
sually without compromising comprehension (Ko-
rycifiska-Wegner, 2024).

Formal design conventions further structure
subtitle presentation. = For example, speaker
changes should be indicated by hyphens to ensure
clear attribution (Brambilla et al., 2016).

2.2 Quality measures in subtitling

Subtitle quality has been addressed in numer-
ous studies with regard to the subtitling process,
the final product and reception. For instance,
drawing on a survey with professional subtitlers,
Kiinzli (2017) systematises four overarching qual-
ity categories: meaning, style, linguistic correct-
ness and technical/visual aspects. High-quality
subtitles are semantically coherent and accurately
convey the source text in a comprehensible man-
ner. Technical quality further depends on correct
segmentation and synchronisation between image,
sound and text (Kiinzli, 2017). Readability and
timing are also integral to quality assessment.
Quality requirements, however, may vary de-
pending on the genre of the source text, the ser-
vice provider and the target audience (Papi et al.,
2023). Despite such variability, the criteria men-
tioned have become widely established and serve
as guiding principles for ensuring readability and
overall subtitle quality (Ludera et al., 2024).



Owing to their intersemiotic and multimodal
embedding, subtitles differ fundamentally from
written text translations (Kiinzli, 2024b; Kiinzli,
2025). Consequently, evaluation models devel-
oped for text translation can only be applied to
subtitling to a certain extent (Bolafios Garcia-
Escribano, 2025). Instead, AVT research has es-
tablished assessment models of their own, which
define explicit criteria and examine how these are
implemented in subtitle output (Kiinzli, 2024a).
They address intralingual, interlingual, live and
pre-produced subtitles (Ludera et al., 2024).

For live subtitling, Romero-Fresco and
Pochhacker (2017) propose two models: NER
(Number of words, Edition errors, Recognition
errors) and NTR (Number of words, Translation
errors, Recognition errors). While the NER model
is designed for intralingual live subtitling, NTR
evaluates interlingual live subtitling. Both incor-
porate the total number of words per subtitle and
errors caused by automatic speech recognition.
They differ, however, in their focus on Edition
versus Translation errors. In intralingual contexts,
Edition errors refer to inaccuracies introduced
during the reformulation of spoken discourse
(e.g., omissions or additions during respeaking).
In interlingual contexts, Translation errors are
assessed, ranging from minor inaccuracies to
substantial meaning loss. Errors are weighted
according to severity (0.25, 0.5, or 1 point) and
calculated using a standardised formula (Romero-
Fresco and Pochhacker, 2017; Davitti et al,
2024).

For pre-produced interlingual subtitles for hear-
ing audiences, Kiinzli (2020) proposes the CIA
model (Correspondence, Intelligibility, Authentic-
ity), which conceptualises quality as a multidi-
mensional construct defined by specific parame-
ters. High-quality subtitles should enable a seam-
less viewing experience during which audiences
remain immersed in the film without distraction.
This is described as a “flow” experience(Hof,
2025).

A comparable notion underpins the FAR model
(Functional Equivalence, Acceptability, Read-
ability) developed by Pedersen (2017) for pre-
produced interlingual subtitles. Pedersen (2017)
refers to the viewer’s immersion as a “contract of
illusion”, sustained when subtitles meet predefined
criteria within the dimensions of functional equiv-
alence, acceptability and readability. Each di-

mension comprises operationalisable parameters,
grounded either in established guidelines or target-
language norms, which serve as analytical bench-
marks for systematic quality evaluation. In this
paper, we adopt the FAR model for our analysis,
and we provide more details on the model in Sec-
tion 3.2.

2.3 Related work on quality in
machine-translated subtitles

Existing works on subtitle quality address various
aspects. Mondello et al. (2025) relate quality with
productivity and analyse subtitling workflows with
technology. However, the authors do not go into
detail about the quality criteria used and show just
the final score. The quality issues are also linked to
the research of post-editing in subtitling. Koponen
et al. (2020) show that subtitle post-editing gener-
ally requires fewer keystrokes than human trans-
lation from scratch, but also that there are con-
siderable differences when it comes to language
pairs. At the same time, human subtitle translation
outperforms subtitle post-editing in terms of per-
ceived quality as shown for Finnish and German
by Schierl (2023).

Most case studies assessing the quality of au-
tomatically produced subtitles compare automati-
cally produced subtitles with those created by hu-
mans. Earlier works include (Martinez Martinez
and Vela, 2016) who provide insights into the na-
ture of human and machine translation in subti-
tling. Although Hagstrom and Pedersen (2022)
do not directly compare human- and machine-
generated subtitles, they generally postulate that
current subtitles have decreased in quality due to
the increased use of MT. Other authors, in contrast,
point to the good quality of MT subtitles (Bellés-
Calvera and Caro Quintana, 2021).

Some studies show that although human and
machine-generated subtitles are hard to distin-
guish, there are still differences in terms of lin-
guistic properties and also in terms of qual-
ity (Lapshinova-Koltunski et al., 2025; Calvo-
Ferrer, 2023). However, no comprehensive analy-
sis of quality following an established model as de-
scribed in Section 2.2 is provided. One of the few
studies using the FAR model is Al Sawi and Allam
(2024), comparing human and machine-generated
Arabic subtitles. Likewise, there are not many
works that compare the usage of various models or
systems: Fernandes and Lopes (2024) analyse the



differences in performance of open-source LLMs
versus traditional NMTs for translating subtitles
from English into Brazilian Portuguese. Mondello
et al. (2025) also compare several systems (Ama-
zon Translate, Chat-GPT and Google Translate).

Further research includes focus on quality of
subtitles and post-editing effort. Karakanta et
al. (2022) conduct a study with 22 subtitles and
deliberately select source videos containing chal-
lenges such as background noise, slang or multiple
speakers. Main sources of error in automatically
generated interlingual subtitles lie in the speech
recognition, MT, automatic spotting and segmen-
tation. Fast or unclear speech, dialects and the
general quality of the medium lead to errors. Auto-
matic spotting is rated as non-synchronous, and in
some instances the spoken word is not captured at
all in the subtitles. The authors identify incorrect
segmentation (under- or over-segmentation) in au-
tomatically generated subtitles. Some segmenta-
tions do not adhere to target language norms and
units of meaning (Karakanta et al., 2022).

Other error sources in ASR include missing
punctuation marks or the omission of upper and
lower case letters as pointed e.g. by Rei et
al. (2020). ASR systems also easily fail to cor-
rectly distinguish between similar sounding words
such as environmentally and mentally as found
by Davitti et al. (2024) in Amberscript’s speech
recognition output. Research thus shows that au-
tomatically generated interlingual subtitles need to
be post-edited to achieve the quality standards of
human-generated subtitles in terms of technical,
content-related and linguistic realisation (Kiinzli,
2017, Davitti et al., 2024).

In our study, we undertake the analysis of dif-
ferences between human and machine-generated
subtitles using the FAR model and look into the
performances of several systems. To our knowl-
edge, there are not so many studies integrating the
FAR model to compare automatic subtitles. For
instance, Hof (2025) examines the quality of inter-
lingual subtitles generated by YouTube and Whis-
per in German-English. The two systems differ in
their architecture: While YouTube is based on a
pipeline system, in which subtitles are created us-
ing the individual steps mentioned above (ASR,
segmentation and MT), Whisper is based on an
end-to-end architecture, ensuring a direct transfor-
mation of audio to subtitle (Hof, 2025). The au-
thor reports errors in the segmentation and sepa-

ration of sentences; contrary to subtitling guide-
lines, some subtitles exceed two lines; punctuation
marks are missing, and utterances are omitted oc-
casionally. Hof (2025) also highlights unidiomatic
translations, which are considered errors in the di-
mension of acceptability. All of the errors men-
tioned can have a negative impact on the compre-
hensibility of the product, which is essential for
high-quality subtitles.

2.4 Subtitling and comprehensibility

Comprehensibility is defined as characteristics
that ensure or promote the construction of mean-
ing (Christmann and Groeben, 2018). Com-
prehensibility according to Kiinzli’s CIA model
lies within the quality dimension of intelligibil-
ity (Kiinzli, 2020), which states that subtitles
should be short and legible, both in their formal
presentation as well as in their wording. The FAR
model also establishes a link to comprehensibility
in the dimension of readability, which refers to for-
mal and technical aspects (Hof, 2025).

Readability research has established the Read-
ing Ease Formula (Christmann and Groeben,
2018), which allows for readability to be deter-
mined on the basis of characteristics such as word
and sentence length (Wiinsche, 2022; Christmann
and Groeben, 2018). Rudolf Flesch’s Reading
Ease Formula captures the average sentence length
in words and the number of syllables per 100
words and provides a value between 0 and 100
— a low value indicating texts that are difficult
to understand (Dziuk Lameira, 2023). Accord-
ing to readability research, comprehensibility is
achieved through the use of short, simple and com-
mon words and sentences. The formula does not
include individual requirements of recipients and
focuses solely on text characteristics (Christmann
and Groeben, 2018).

The Hamburg Comprehensibility Concept is one
of two distinct research methodologies that have
emerged in the field of text comprehensibility re-
search. Similar to the Reading Ease Formula, it
evaluates the texts characteristic rather than the sit-
uational environment (Wiinsche, 2022). Groeben’s
comprehensibility model is the second model and
was developed with a greater degree of partic-
ipation from recipients. In spite of contrasting
methodologies, both models possess comparable
and mutually reinforcing “dimensions” that pro-
mote comprehensibility. The Hamburg Compre-



hensibility Concept features the following compre-
hensibility dimensions: simplicity, structure and
order, brevity and conciseness, and stimulating ad-
ditions (Ballod, 2020; Christmann and Groeben,
2018). Simplicity involves the use of short sen-
tences, familiar and concrete words as well as ac-
tive verbs.

3 Research Design

3.1 Data

For the empirical analysis, we use a publicly avail-
able dataset from the International Conference
of Spoken Language Translation (Salesky et al.,
2024). We select one video for our analysis (Video
1 of Aquarius, Season 2, Episode 1). The seg-
ment analysed covers the first eight minutes of
the episode (00:00-08:00), which includes vary-
ing speech rates, multiple speaker changes, over-
lapping audio cues, and background music, pro-
viding a representative sample of typical subtitling
challenges. The analysed materials are referenced
using the following abbreviations:

* AT - AusgangsTEXT, English source video
* UT-h-en — human-produced English subtitles
* UT-h-de — human-produced German subtitles

* UT-KI_NAME - German subtitles generated
by the respective Al system (HappyScribe,
CapCut, Amberscript).

The abbreviations used in this study follow
conventions commonly applied in subtitling re-
search (Wiinsche, 2022). The human-produced
subtitles are initially reviewed in synchrony with
the source video using subtitling software. The En-
glish subtitle files contain typical formatting fea-
tures of professional subtitles such as markers for
italic text. They also include descriptions of non-
verbal information typical of subtitles for the deaf
and the hard of hearing, for example descriptions
of sounds or actions (e.g., music or background
noises). The German subtitles also include dis-
plays such as introductory captions. For the pur-
poses of the present analysis, formatting mark-
ers, sound descriptions, and other display elements
were removed during preprocessing. This decision
reflects the focus of the study on subtitles intended
for a hearing audience and ensures comparability
between human-produced and Al-generated subti-
tle output (Kiinzli, 2024b).

To generate Al-produced subtitles, three web-
based tools are selected: HappyScribe, CapCut
and Amberscript. All three systems provide au-
tomatic subtitle generation based on ASR and MT.
The selected systems represent widely used, pub-
licly available Al subtitling tools. Their inclusion
ensures comparability and reproducibility of the
analysis. The systems differ in the extent to which
subtitle-specific constraints are implemented and
made accessible.

For UT-KI_HappyScribe, the trimmed source
video is uploaded to the HappyScribe platform!
with English as the source and German as the tar-
get language. The system generates time-coded
subtitles based on ASR and subsequently trans-
lates them into German. According to the provider,
the system uses proprietary Al to segment and
translate subtitles in a way that supports readabil-
ity. The eight-minute video is processed in approx-
imately four minutes, producing 93 subtitle seg-
ments. Users can further influence output qual-
ity by integrating glossaries or style guides during
processing. In addition, the subtitle editor flags
excessive CPS through visual warnings, allowing
users to adjust subtitle length and timing accord-
ingly. However, the underlying implementation of
subtitle-specific rules (e.g. segmentation norms or
CPS limits) remains only partially transparent.

For UT-KI_CapCut, the same source video is
uploaded to CapCut’s online subtitle translation
tool%. The system first generates English subtitles
within seconds using ASR. These are then trans-
lated into German via the built-in translation func-
tion. The resulting subtitles are exported as an srt
file for further analysis.

For UT-KI_Amberscript, the video is uploaded
to the Amberscript platform?. After selecting the
source language and speaker configuration, the
system automatically generates subtitles through
ASR and allows for subsequent translation into
German. The resulting subtitles are exported as an
srt file.

Detailed information on the internal architec-
tures of these systems is not publicly avail-
able. Consequently, it was not possible to deter-
mine whether the tools rely on direct speech-to-
translation models or cascaded systems. For ana-
lytical purposes, the generated subtitles are there-

!Accessed in May, 2025.
% Accessed in September, 2025.
3 Accessed in October, 2025.



fore treated as outputs of a pipeline process con-
sisting of ASR, subtitle segmentation and subse-
quent machine translation (Hof, 2025).

3.2 Evaluation of subtitles

As mentioned above, we evaluate automatically
generated subtitles using established quality and
comprehensibility models. We follow a mixed-
methods design, combining quantitative and qual-
itative approaches (Kelle, 2022).

FAR quality analysis As already mentioned
above, we use the FAR model (Pedersen, 2017)
for analysis. =~ The model has the following
dimensions: Functional equivalence,
Acceptability and Readability (see Fig-
ure 1 for an overview). Functional equivalence in-
cludes semantic and stylistic errors. Acceptabil-
ity includes grammar, spelling and idiomaticity er-
rors. Readability includes segmentation and spot-
ting, punctuation and graphics as well as reading
speed and line length.

i —» | Semantic errors
> Functional

equivalence | — | spyiistic errors

Grammar errors

The FAR model |, | Acceptability |_,

spelling errors

errors

Segmentation & spotting

Ly | Readability |— | o, iation & graphics

Reading speed & line length

Figure 1: FAR model with its dimensions.

The subtitles are compared segment by seg-
ment across three layers: the English source subti-
tles (UT-h-en), the German human-produced sub-
titles (UT-h-de) and the Al-generated German sub-
titles (UT-KI_HappyScribe, UT-KI_CapCut, UT-
KI_Amberscript). Errors are annotated and scored
according to the FAR framework following the
scoring approach of Ludera et al. (2024) and
Hof (2025), with weighted scores reflecting the
severity of functional, linguistic or readability-
related issues. The FAR analysis is conducted by
a single trained evaluator with an academic back-
ground in audiovisual translation. To reduce sub-
jectivity, the data are annotated in multiple rounds
with temporal distance between evaluations, ensur-
ing consistency in decision-making.

Because segmentation differs between human-
produced and Al-generated subtitles, some subtitle
units are manually aligned to allow for meaningful

comparison. In addition, Readability is ex-
amined quantitatively by calculating characters per
line (CPL) and characters per second (CPS). These
values are automatically computed in a spread-
sheet software based on subtitle length and display
time. The analysis follows the commonly cited
guidelines of approximately 37-42 characters per
line and 12-15 characters per second (Ludera et
al., 2024; Papi et al., 2023; Jiingst, 2020) .

Assigning errors to a single FAR category is not
always straightforward. Certain issues, such as lit-
eral translations, may simultaneously affect func-
tional equivalence and acceptability, and punctu-
ation errors can influence both acceptability and
readability. ~ Similarly, the weighting of error
severity remains partly interpretative despite the
model’s scoring guidelines. These limitations are
acknowledged as methodological considerations
and are discussed further in the interpretation of
the results.

For clarity and comparability, the results of the
FAR analysis are presented in a standardised for-
mat. Each example is structured according to
the following sequence: the English source sub-
title with its segment number, the correspond-
ing German human-produced subtitle, and the Al-
generated German subtitle. The segment number
refers to the numbering used in the first column
of the analysis tables. The examples are therefore
displayed as follows: UT-h-en (Seg. of the subti-
tle): source subtitle >UT-h-de: human-produced
subtitle >UT-KI_Name: Al-generated subtitle.

To facilitate comparison across the Al sys-
tems, the results are additionally presented fol-
lowing the comparative structure proposed by
Nikoloudaki (2024), where the outputs of the in-
dividual Al tools are displayed consecutively.

Automatic metrics Additionally to the manual
evaluation, we obtain automatic quality indicators
for the generated subtitles. For this, the evaluation
platform MATEO Evaluate (Vanroy et al., 2023)
is used. The subtitle files (UT-h-en, UT-h-de, and
UT-KI_NAME) are first preprocessed by remov-
ing time codes and aligning the number of seg-
ments across files, so that we have 81 segments in
total per system output. In the analysis, the Al-
generated subtitles represent the system outputs,
the German human-produced subtitles are the ref-
erence, and the English subtitles the source. The
tool provides several automatic metrics, including
BLEU and BERTScore. In this study, particular



attention is given to BERTScore, as it accounts
for semantic similarity and paraphrasing and is
therefore better suited to subtitle translation than
surface-based metrics such as BLEU (Zhang et
al., 2020). However, we also report the other two
scores in the results.

Comprehensibility analysis To assess subtitle
comprehensibility, the Flesch Reading Ease index
is calculated for both the human-produced German
subtitles and the Al-generated subtitles. For this
purpose, the subtitle files are preprocessed so that
only the subtitle text remains, while time codes,
formatting and segmentation markers are removed.
Due to the lack of sufficient punctuation in the
CapCut outputs, we additionally insert the mini-
mal punctuation here to enable the calculation of
the readability score.

In addition, elements of the Hamburg Com-
prehensibility Concept are applied to complement
the FAR-based quality analysis. FAR assesses
the severity of errors and functional appropriate-
ness. The Hamburg Model focuses on cognitive-
linguistic comprehensibility. Although this model
overlaps partly with the FAR framework, it pro-
vides an additional perspective on textual proper-
ties related to understanding (Schmitz, 2016). Be-
cause the present study does not include user re-
ception experiments, comprehensibility is exam-
ined primarily from a linguistic perspective, i.e.
language features that are believed to contribute
to comprehensibility. Combining the two provides
complementary insights into quality and reception.

The model is applied selectively. In the analysed
excerpt of Aquarius, frequent speaker changes,
flashbacks, and topic shifts occur, which makes
the dimension structure and order diffi-
cult to assess at the level of individual subtitles.
Instead, this dimension is considered across coher-
ent meaning units. Furthermore, subtitles cannot
be fully separated from the source material, which
limits the extent to which aspects such as sim-
plicity or additional explanatory elements can be
modified (Wiinsche, 2022). For these reasons, the
analysis focuses on the dimensions simplicity and
structure or order, which are widely regarded as
key factors for textual comprehensibility (Christ-
mann and Groeben, 2018).

Each subtitle is evaluated through a simple rat-
ing scheme (+/-) indicating whether the criterion is
fulfilled. Simplicity is assessed by examining
the use of common vocabulary, syntactic complex-

ity, and whether sentences are excessively long or
structurally difficult to process within the subti-
tle format. Structure and order are eval-
uated by analysing whether subtitles followed a
logical progression, maintained coherence across
segments, and preserve references to preceding in-
formation. Particular attention is given to whether
omissions or translation choices disrupt semantic
continuity or obscure contextual relations between
subtitle segments.

While the analysis draws on principles from
text-comprehension research, it does not attempt
to evaluate full linguistic cohesion independently
of the audiovisual context. Instead, the focus lies
on whether subtitles maintain meaningful links be-
tween segments and allow viewers to follow the
narrative flow — corresponding to the “red thread”
described in the Hamburg Comprehensibility Con-
cept (Christmann and Groeben, 2018).

To avoid redundancy with the FAR analysis, the
comprehensibility assessment is conducted with a
stronger focus on the subtitle text itself rather than
direct comparison with the source subtitles. In
a second review stage, the Al-generated subtitles
are therefore evaluated independently of the source
material in order to identify additional comprehen-
sibility issues that may not be visible in a direct
source-target comparison. This procedure allows
for further insights into the readability and internal
coherence of the automatically generated subtitles.

4 Results

4.1 FAR quality analysis

The results of the FAR-based analysis are pre-
sented in Table 1. The higher the score, the more
errors were observed for the corresponding dimen-
sion.

Interms of Functional equivalence,all
Al-generated subtitles show relatively high scores.
The elevated scores indicate frequent semantic de-
viations from the source content. For example,
she’s gone in example (1) from Seg. 4 is ren-
dered by UT-KI_HappyScribe as Sie ist tot, imply-
ing death rather than disappearance. Ambiguous
expressions are also problematic as illustrated by
example (2): the sexual meaning of plow is not
recognised by any system, resulting in literal or un-
related translations in (2-b) and (2-¢).

(1) a. Sam, my daughter, Emma, she’s gone.
b.  Sieist tot. (“She died.”)



Dimension UT-KI_HappyScribe UT-KI_CapCut UT-KI_Amberscript
Functional equivalence 0.574 1.071 0.871
Acceptability 0.096 0.333 0.186
Readability 0.191 0.321 0.471
Table 1: Scores according to the FAR-based analysis.
2) a. I plow them all eventually. Charlie Manson) receive scores of 100. This

b. Ich werde sie alle irgendwann
umpfliigen. (“I’'ll plough them all up
one day.”)

c. Ich durchforste sie schlieBlich alle.
(“T'll end up going through them all.”)

Proper names present additional difficulties. The
character name Cut (Seg. 70) is translated as
Schnitt (“a cut”) or schneiden (“to cut”), and Ron
Kellaher (Seg. 63) appears as Juan Kealoha in
the UT-KI_Amberscript output. In contrast, some
names (e.g. John Wayne) are reproduced correctly.
Overall, the results show that ASR errors, lexical
ambiguity and incorrect handling of proper names
are the main sources of semantic deviations in the
Al-generated subtitles.

UT-KI_CapCut obtains the highest F-Score,
largely due to ASR errors that propagate into trans-
lation as illustrated in example (3) from Seg. 3.
Similar recognition errors affect several segments,
leading to omissions or incoherent outputs.

3) a. That’d be illegal. I'm a cop.
b.  Und ein bisschen neuer Look (“And a
slightly new look™)

The Al-generated subtitles also exhibit uni-
diomatic renderings and word-for-word transla-
tions, particularly in UT-KI_CapCut. For exam-
ple, UT-h-en (Seg. 71) “Everybody’s doing the
funny.” is translated as “alle machen das lustige”,
which is unnatural compared to more idiomatic
renderings. Literal translations of idiomatic ex-
pressions are common. In Seg. 67, “orchestrated”
is rendered as “orchestriert” by UT-KI_CapCut and
UT-KI_Amberscript, whereas UT-KI_HappyScribe
correctly conveys the meaning with “inszeniert.”
Similarly, “Now that’s what I’m talking about.” be-
comes “das ist was ich spreche” in UT-KI_CapCut.

Judging semantic similarity from the
BERTScore (see Figure 2), we see that UT-
KI_HappyScribe achieves the highest score (>80),
whereas UT-KI_CapCut scores around 70. Short,
unambiguous sentences (e.g. Look at this or I'm

either indicates high quality or the fact that the
sentences are contained in the training data. At
the same time, UT-KI_CapCut contains multiple
segments with a score of 0, reflecting omissions
or segmentation failures. Stylistic inconsistencies
also occur. For instance, in segments 75-78,
Sie (formal You) and du (informal you) alternate
in all Al system outputs, although the dialogue
consistently requires the informal register. Such
inconsistencies further affect Functional
equivalence.

In terms of Acceptability, the scores also
reflect a number of issues. UT-KI_CapCut output
shows the highest error score, partly due to capi-
talisation, spelling and segmentation errors. It also
contains fragmented sentences that lack syntactic
coherence, often linked to missing punctuation.

The Readability dimension includes miss-
ing or incorrect punctuation, segmentation errors
and missing speaker-change markers (Pedersen,
2017). As already mentioned above, punctua-
tion is largely absent inUT-KI_CapCut: Commas,
full stops and question marks rarely occur. The
lack of punctuation in UT-KI_CapCut constitutes a
major quality and comprehension issue, as subti-
tles without punctuation are often perceived as in-
complete sentences and make it difficult for view-
ers to identify sentence boundaries. This also af-
fects the “contract of illusion” described by Peder-
sen (2017), since the audience cannot reliably dis-
tinguish between statements and questions. Sim-
ilar limitations have been observed in ASR sys-
tems, which often fail to generate punctuation or
capitalisation reliably (Rei et al., 2020).

The higher Readability score of UT-
KI_Amberscript is mainly caused by segmentation
errors. Although two-line subtitles are standard,
meaning units are frequently split across segments.
For example, in Seg. 1 the phrase Zuvor bei Aquar-
ius (“Previously on Aquarius”) is followed by the
beginning of the next sentence in the same sub-
title, disrupting the semantic unit. According to
subtitling guidelines, segmentation should follow



syntactic and semantic boundaries to facilitate in-
formation processing (Kurch et al., 2015; Nardi,
2016).

A positive feature of UT-KI_Amberscript is the
use of dashes to mark speaker changes. However,
this strategy is not always applied correctly. In
some cases, a single utterance is divided into two
speaker turns, falsely creating the impression of a
dialogue and potentially confusing the alignment
between audio, image and subtitle.

Overall, the results indicate that literal transla-
tions, ASR errors and segmentation problems neg-
atively affect the idiomaticity and readability of
Al-generated subtitles.

4.2 Automatic scores

An overview of the automatic scores are presented
in Figure 2. Overall, the HappyScribe output
achieves the highest scores in all three metrics,
suggesting the strongest semantic similarity and
translation quality relative to the reference subti-
tles. It reaches the best results for BERTScore (ca.
81), BLEU (ca. 24), and BLEURT (ca. 61) indi-
cating that its outputs most closely match the ref-
erence in terms of both lexical overlap and contex-
tual meaning. Amberscript ranks second across the
metrics, with slightly lower values (BERTScore
ca. 79, BLEU ca. 17, BLEURT ca. 59). This
suggests relatively good semantic alignment with
the reference subtitles, although with somewhat
weaker lexical correspondence compared to Hap-
pyScribe. CapCut shows the weakest performance
in all metrics (BERTScore ca. 70, BLEU ca. 8,
BLEURT ca. 43). The substantially lower BLEU
and BLEURT scores indicate weaker lexical over-
lap and lower contextual similarity with the refer-
ence subtitles. This result aligns with the quali-
tative analysis, which identifies frequent ASR er-
rors, omissions and segmentation issues in UT-
KI_CapCut. In summary, the automatic evalua-
tion metrics consistently show HappyScribe as the
strongest system, Amberscript as intermediate, and
CapCut as the weakest, reflecting differences in the
overall translation quality.

4.3 Comprehensibility

The comprehensibility of subtitles is quantitatively
assessed using the Flesch Reading Ease score. The
results are shown in Table 2. All scores fall within
a range equivalent to a standard comprehensibil-
ity level (e.g., instructions or content accessible to
ages 9+). While the indices suggest high compre-

hensibility, the Flesch metric primarily evaluates
sentence and word length, neglecting semantic co-
herence (Ballod, 2020). Notably, UT-KI_CapCut
requires intuitive punctuation insertion for calcula-
tion, potentially skewing its score. Consequently,
these metrics provide only a surface-level analysis,
necessitating a qualitative review using the Ham-
burg Comprehensibility Concept. Our qualitative
analysis reveals that Al-generated subtitles, partic-
ularly UT-KI_CapCut, frequently employ complex
compounds and nested structures. This contrasts
with the Simplicity dimension of the Ham-
burg Comprehensibility Concept, which prioritises
common, concrete lexis (Schmitz, 2016).

Al systems often opt for formal register com-
pound terms, e.g. Innenrevision, Dienstaufsichts-
behorde as in example (4), which increase cogni-
tive load (Deilen, 2022). In contrast, the human
reference (UT-h-de) resolves these into more ac-
cessible phrases like in example (4-a).

4) a. UT-h-de: interne Ermittlung (‘“inter-

nal investigation”)

b.  UT-KI_HappyScribe:
(“internal audit™)

c. UT-KI_CapCut/Amberscript:  Dien-
staufsichtsbehorde (‘““disciplinary au-

thority™).

Innenrevision

Research on accessible communication (such as
Easy German) suggests that hyphenating long
compounds unburdens working memory (Deilen,
2022). This was observed in UT-KI_CapCut
and UT-KI_Amberscript with the term Motorrad-
Entfiihrung (“‘motorcycle kidnapping”).

Also, Al systems struggle with syntactic brevity.
For instance, UT-KI_HappyScribe produces seg-
mented, paratactic structures (e.g., Ein Mann,
ein Motorrad, eine Entfiihrung) which, while fol-
lowing the source text, increase visual process-
ing time. To ensure comprehensibility, subtitles
should avoid nested syntax in favour of precise,
information-dense formulations (Ballod, 2020).

5 Conclusion and Discussion

This study focuses on the analysis of automatic
subtitles produced with three systems. We com-
pare their performance evaluating their outputs in
terms of quality and comprehension.

Our results show that automatically generated
subtitles are not yet comprehensive, high-quality
and fully comprehensible. For instance, content-



system
M Amberscript
M cCapCut

W HappyScribe
Figure 2: Automatic scores for UT-KI_HappyScribe, Capcut and Amber.
UT-h-de UT-KI_HappyScribe UT-KI_CapCut UT-KI_Amberscript
Flesch Reading Ease 72 73 73 72

Table 2: Comprehensibility measured with Flesch Reading Ease.

and meaning-bearing words are often omitted or
misrecognised by ASR, leading to a high num-
ber of errors in the Functional Equivalence dimen-
sion. Omissions are permissible due to the mul-
timodal nature of subtitles, which convey infor-
mation through multiple channels, including vi-
sual images, spoken dialogue, subtitles and back-
ground sounds. Human subtitlers are able to de-
termine which elements must be verbalised to
avoid cognitive overload. In contrast, the automat-
ically generated subtitles frequently omit words
or entire sentences, preventing the audience from
processing information across all sensory chan-
nels. Additionally, substitutions caused by ASR
errors introduce semantically distorted content,
which compromises functional equivalence. Lit-
eral, word-for-word translations — most evident in
UT-KI_CapCut — reduce readability and natural-
ness. High reading speed, long words and sentence
complexity further impair comprehension.

The analysis of segmentation and line breaks re-
veals that repeated or misaligned segments, partic-
ularly in UT-KI_Amberscript, disrupt the logical
flow and synchronous alignment with the source
text, a core feature of subtitles. Named entities and
idiomatic expressions are frequently mistranslated
or omitted across all the systems under analysis,
echoing known issues in MT (Ottmann and Can-
fora, 2020; Loock et al., 2022). The analysis with
the automatic evaluation metrics confirms that au-
tomatically generated subtitles can achieve human-
level quality, but only in short segments.

Overall, Al-generated subtitles remain below
human standards in quality and comprehensibil-

ity. They cannot fully replicate the skills of hu-
man subtitlers, who combine auditory sensitivity,
editorial judgment and aesthetic sense to produce
coherent, synchronised subtitles.

Limitations We recognise that focusing on pub-
licly accessible Al tools and other more dedicated
systems may yield higher quality. Also, insuffi-
cient transparency about the system architectures
prevents conclusive attribution about the observed
differences across the systems, e.g. between UT-
KI_HappyScribe and UT-KI_CapCut. The absence
of interrater validation is acknowledged as a fur-
ther limitation as the annotation and scoring with
the FAR model is inherently subjective. Therefore,
future research could benefit from multiple raters
or alternative metrics, such as the NTR model.
Besides that, post-editing or audience evaluation
would be an asset too. While the inclusion of addi-
tional language pairs would provide a broader per-
spective, this study focuses on a single language
pair to ensure depth and detailed qualitative anal-
ysis. Future work will expand the scope to in-
clude additional language pairs, post-editing sce-
narios and user reception studies.

Outlook As automatically generated subtitles
cannot yet deliver broadcast-ready quality with-
out human intervention, research should continue
to explore Al potential, particularly regarding it-
erative improvements in ASR, segmentation and
translation. Ethical implications of Al integration
in audiovisual translation remain an important area
for future study, especially regarding professional
practice and human subtitler roles.
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