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Abstract

This paper presents a discussion of the rele-
vancy of older natural language processing ap-
proaches compared to modern large language
models (LLMs), with experimental results for a
specific application: the segmentation of video
transcripts. An analysis was conducted, if pow-
erful modern LLMs are necessary for tasks
such as text segmentation or if traditional and
more efficient models — here TextTiling — suf-
fice. In the end, LLMs provide comparable
performance to the other models, but the re-
sults produced by TextTiling are promising and
suggest a discussion about a trade-off regarding
efficiency, performance, energy-consumption
and other factors.

1 Introduction

The rise of large language models (LLMs) has
transformed the landscape of natural language pro-
cessing (NLP) in a myriad of ways. Many appli-
cation scenarios have been affected and upended
(Raiaan et al., 2024), steering research towards the
use of powerful models based on the transformer
architecture (Vaswani et al., 2017), culminating in
prompt-based LLMs such as ChatGPT,! Claude,”
Gemini,? and others. While their capabilities are
certainly impressive, downsides of the use of LLMs
have emerged, such as biases and hallucinations in
the generated texts (Gallegos et al., 2024; Huang
et al., 2025), problems regarding copyright and per-
sonal information within the datasets (Maini et al.,
2024), energy consumption not only for training
(Patterson et al., 2021) but also while executing
models (Argerich and Patifio-Martinez, 2024), and
others.

The contrast between currently dominating NLP-
research in general on the one hand, and the discov-

'See https://openai.com/chatgpt (all web resources
last accessed on: 22.07.2025).

2See https://claude.ai.

3See https://gemini.google. com.

ery of the noted disadvantages inherent in LLMs on
the other hand have prompted the experiments in
this paper. The dominance of LLMs in recent NLP-
research is remarkable (Naveed et al., 2023), while
the role of older, more efficient and less complex
models has diminished. Nevertheless, arguments
as to the role of such models can still be made in as-
pects like explainability, reproducibility, efficiency
— both in terms of computation time and energy
costs — as well as hardware requirements.

The application area of text segmentation was
chosen as a proxy for analyzing the contrast be-
tween LLMs and older, certainly less prominent,
models that may, however, still be relevant. Fur-
thermore, text segmentation as a research field is
hardly at the forefront of current studies, which is
why, to the best of our knowledge, no analysis has
been conducted comparing older and modern tech-
niques on this task. In this paper, GPT-40 (Hurst
et al., 2024) as modern LLM was applied as well
as TextTiling (Hearst, 1997), which represents an
older, efficient and traditional model.

The use case for the experiments revolves around
the segmentation of video transcripts from a lec-
ture on computer science from a German univer-
sity. The data and initial implementations were
conducted in an earlier paper and were used as part
of a pipeline for extracting metadata from learn-
ing videos to construct a recommender system, see
Lehmann and Landes (2024). The approaches pre-
sented here are intended to draw upon the original
concept and to further investigate the performance
of more efficient techniques, in contrast to modern
LLM:s.

This paper is structured as follows: After briefly
summarizing the related work for text segmentation
(section 2), the dataset and the concrete application
scenario will be presented (section 3). Afterwards,
the methods (section 4) and experiments (section 5)
will be presented, followed by a discussion on the
results (section 5.1), and observations (section 5.2)
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as well as a conclusion (section 6).

2 Related Work

Text segmentation has been approached with a mul-
titude of techniques and also with different use
cases as their target.* Such use cases include
parts of systems in NLP-tasks like information
retrieval (Huang et al., 2003), sentiment analysis
(Li et al., 2020), information annotation (Hananto
et al., 2022) and others (Pak and Teh, 2017). The
techniques applied range from statistical models in
early approaches (Beeferman et al., 1999) across
topic-modeling (Riedl and Biemann, 2012) and su-
pervised machine learning (Koshorek et al., 2018)
techniques all the way to neural network-assisted
systems (Gong et al., 2022).

The rise of LLMs has brought renewed interest
to a related research field, referred to as chunking
(Dong et al., 2023). The limited context windows
of LLMs require a segmentation strategy, at least
in the case of early LLMs and — depending on the
model — even to this day.’ Chunking strategies
can differ depending on a number of factors, see
Dong et al. (2023) for an overview on different
approaches. Briefly, these strategies include sim-
ply truncating the source text (Koh et al., 2022),
which however comes with severe limitations such
as loss of information, or by segmenting the input
text by a fixed size (Dai et al., 2019), additionally
with the option of overlapping segments (Chalkidis
et al., 2022). More complex methods using rein-
forcement learning to identify segments by apply-
ing flexible segment sizes have also been proposed
(Gong et al., 2020). Another application in this
realm is the addition of retrieval augmented gen-
eration to LLM-based systems in order to provide
contextual information to the query, which bene-
fits from improved chunking strategies similarly
(Qu et al., 2024; Singh et al., 2024). The earlier
publication Lehmann and Landes (2024) on the
use case presented in this paper, applied GPT-3.5-
turbo, with context windows of up to 16,000 tokens,
which did not suffice to handle full transcripts.

In recent years, text segmentation approaches,
even though small in number, were often stud-

*Noteworthy is the terminological overlap with the re-
search field of the same name in the context of computer
vision, which applies text identification processes on images,
e.g., in Xu et al. (2021).

SWhile models with impressive capabilities have emerged
recently, able to process hundreds of thousands of tokens per
request, the processing of large contexts still poses a challenge
for modern state-of-the-art models (Yen et al., 2025).
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ied by applying large(r) language models using
the transformer-architecture. BERT-based mod-
els were studied in Lukasik et al. (2020) and ad-
ditionally BART and GPT-3.5 in Alkhalil et al.
(2025). The role of traditional and more efficient
models is missing from modern text segmentation
approaches, although the use of a smaller-scale
model in Retkowski and Waibel (2024) is notewor-
thy due to their focus on efficiency improvements
compared to BERT-based models. Still, a consider-
ation of older, even more efficient statistical models
is missing in current text segmentation research.

This observation is not limited to text segmenta-
tion, but also applicable to other NLP-tasks such as
text classification, information extraction and text
summarization. A few publications exist in compar-
ing or even using such older models, e.g., by using
support vector machines in classification such as
Cunha et al. (2023); Lu et al. (2022), decision trees
and rule-based techniques in information extrac-
tion like Sultana et al. (2022); Xiang and Yangfei
(2023) and extractive models for summarization in
Du et al. (2023); Luo et al. (2022). Moreover, a
structured literature review on the use of traditional
models in current NLP for selected tasks has been
conducted, see Jegan and Henrich (2025).

Further model architectures are conceivable, fea-
turing older and modern approaches in one system.
Text summarization approaches have already been
conducted with these ideas in mind, in effect com-
bining older, more efficient extractive techniques
with modern abstractive summarization approaches
(Bao and Zhang, 2023; Licari et al., 2023). Another
advantage of such hybrid systems is the potential of
minimizing problems such as hallucinations due to
the extractive nature of certain parts of the pipeline,
e.g., by using extractive approaches for the selec-
tion of sentences that have been previously ranked
by a neural network-based model (Licari et al.,
2023).

3 Dataset

The dataset is provided by the authors of the origi-
nal paper that included the prior text segmentation
application as part of a pipeline intended for other
downstream tasks (Lehmann and Landes, 2024).
The data comprises lectures on software engineer-
ing taught at a German university, for which tran-
scripts were automatically produced by the auto-
matic speech recognition system Whisper (Radford
et al., 2023). The transcripts are the main data



source and were further pre-processed in order to
correct spelling errors.® The dataset therefore com-
prises a transcript of spoken language, in German.

In the original approach by Lehmann and Landes
(2024), the data was segmented by time-intervals
based on the video transcript metadata, since ex-
periments with GPT-3.5-turbo did not yield usable
segments at the time. The resulting segments were
then applied on a keyword extraction and topic
detection task, in order to serve as a basis for an on-
tology regarding topics from within the transcripts,
which are linked to the video on a learning platform.
The complete application is intended to serve as a
recommender system for students working with lec-
ture videos, which have been semantically enriched
through a domain ontology.

In total, after some cleaning and filtering steps,
172 videos were processed for this paper, with an
average length of 89 sentences and 1,115 words
per video transcript, in total 15,320 sentences and
191,785 tokens across all 172 video transcripts.
The data is not publicly available, which is why we
cannot reference the dataset or publish excerpts.

4 Methods

In order to analyze the performance of an older,
more computationally efficient approach in contrast
to modern LLM-based methods, a representative
of each model type was chosen.

4.1 TextTiling

The TextTiling approach created by Hearst (1997)
aims at generating multi-paragraph segments,
which are intended to capture subtopics. This pur-
pose, when considering the later goals in the con-
cept from Lehmann and Landes (2024), appears
to match and presents another reason in favor of
using TextTiling. The approach is using a three part
procedure: (1) tokenization into terms and units as
an approximation of sentences, due to the widely
varying size of sentences, here determined as pseu-
dosentences; (2) calculation of a score for each of
the pseudosentences and finally (3) detection of the
passages representing subtopics, identified through
boundaries between such subtopics.

4.2 GPT-4o

As contrasting model to the traditional and older
TextTiling approach and as representative of LLMs,

8See details on the pre-processing in Lehmann and Landes
(2024).

the state-of-the-art model — at the time of process-
ing the texts (March 2025) — GPT-40 was chosen
(Hurst et al., 2024). The history and rise to fame
of prompt-based LLMs is widely documented, see
e.g., Min et al. (2023) or Raiaan et al. (2024), in
both chat-based user interfaces in a browser or via
API-requests. We apply the latter option, i.e., using
the OpenAlI developer APIL.’

The prompts were built for each video transcript
separately, instructing the LLM to generate seg-
ments based on the text of a full transcript. Sepa-
rate prompts were used in order to limit the context
window within one prompt and also to restrict the
amount of text that should be segmented, which
was intended to help the LLM by providing less
data and therefore keep the focus on a smaller text
sample. Also, the prompts included a directive
for the LLM that the output should be identical
to the input, with the exception of added newlines
representing the segment boundaries.

S Experiments

Due to the fast processing of the TextTiling ap-
proach, several parameter configurations could be
tested. The relevant parameters here are w, the size
of pseudosentences or token-sequence size, and k,
the block size used in the comparison mechanism
found in step (2), see above in section 4138

In contrast, while the setup of the API-calls to the
GPT-4o service was similarly quick, the usage of
the LLM-based services is usually billed by number
of processed tokens, when a service by one of the
major providers is used. Here, the processing of
the data described in section 3 resulted in roughly
$3 for segmenting all video transcripts once.’

5.1 Evaluation

The first evaluation criterion involves efficiency,
i.e., the time required to process the data. Text-
Tiling segments are produced within a matter of
seconds,!? barely exceeding a few gigabytes of
used working memory and neither fully utilizing

"See https://platform.openai.com/docs/overview.

8The default values from Hearst (1997) are w = 20
and k = 10. Additionally, in our experiments, values
[1,2,3,5,8,10,15, 20, 30,40, 50] were tested.

?See our code at https://github.com/uniba-mi/text
-segmentation.

Different machines were tested here, ranging from lap-
tops (using an Intel i7 processor with 32GB of RAM) to a
more capable server (using an AMD 24-Core processor with
1000GB of RAM), both processing all transcripts in between
9 and 16 seconds for the parameters w = 20 and k = 10.
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the CPU. Optimization and parallelization are cer-
tainly possible to increase efficiency even further.

The GPT-40 application, however, took 6,127
seconds to complete, which is over 1.5 hours.
While parallelization and an adapted implementa-
tion would naturally lead to performance increases
here as well, sequential processing, similar to the
TextTiling application, was deliberately chosen to
achieve a comparable setting.

Another facet of efficiency deals with the en-
ergy consumed during execution. Software-based
power tracking has been shown to correlate with
external power meters, despite some drawbacks
of purely software-based tracking, see Jay et al.
(2023), who recommend Code Carbon'! for ana-
lyzing Python applications. The energy consump-
tion tracked by Code Carbon for the TextTiling ap-
proach was logged as 0.085 Wh on the first tested
machine and 0.47 Wh on another machine, both
values representing one execution run processing
all transcripts once.!?

The energy consumption of a request given to
GPT-40 is not easily quantifiable, since power
consumption metrics are not available to users of
the API-interfaces provided by OpenAl. Estimates
range from 3 Wh per interaction'? to only 0.3 Wh
per interaction'# in newer studies. For the experi-
ments conducted with GPT-40, each transcript was
processed as a single request, which is why the
quoted estimates need to be multiplied by 172, re-
sulting in an energy consumption ranging from
51.6 Wh to 516 Wh, thus exceeding the energy
consumed by the TextTiling approach (between
0.085 Wh and 0.47 Wh) by several orders of mag-
nitude. The energy expended in training modern
LLMs is another critical aspect here, but will not be
discussed further, see e.g., Patterson et al. (2021)
for more details.

Further evaluation was possible through compar-
ing the produced segments in terms of size. Table 1
presents an overview of the generated segments,
showcasing the average number of produced seg-
ments across the whole dataset as well as the aver-
age size of the produced segments, in both sentence
and token counts.

Only a few selected parameter configurations for

HSee https://github.com/mlco2/codecarbon.

12See footnote 10 for details about hardware specifications.

3This estimate is retrieved from a widely quoted study on
a previous OpenAl model (GPT-3) by De Vries (2023).

"“From an in-depth recent analysis on GPT-40 (the model
used in this paper), see https://epoch.ai/gradient-upd
ates/how-much-energy-does-chatgpt-use.

Model Seg. SD Sent. Tok.
GPT-40 895 548 13.73 176.74
TextTiling
w=20, k=5 8.67 7.01 8.85 118.66
w=20, k=10 859 697 892 120.21
w=30, k=10 594 453 12.73 169.78

Table 1: Quantitative results. Model represents the ap-
plied approach, with w denoting pseudosentences and
k the block comparison size as variables for TextTiling,
Seg. denoting the average number of produced segments
across all transcripts, SD the standard deviation regard-
ing Seg., Sent. the average sentence count per segment
and Tok. likewise for token count per segment, once
again averaged across all transcripts..

TextTiling are displayed here, which each aligns to
one of the quantitative metrics produced by GPT-
40. The average number of segments are similar,
at least for w = 20, but the sizes of the produced
segments diverge between the two models. In some
cases, GPT-4o tends to produce one or two longer
segments for a transcript, which results in higher
average sentence and token counts compared to the
texts produced by TextTiling. Despite this observa-
tion, the segments generated by GPT-4o0 provide a
slightly more uniform result for further processing
overall, which was observed by spot-checking the
produced segments in terms of contextual and se-
mantic relatedness. The adaptability of TextTiling
through parameter selection and thus adjusted seg-
ments depending on the use case is another point
in favor of TextTiling.

5.2 Observations

The qualitative evaluation was conducted using
spot-checks and comparing segments produced by
both models, TextTiling and GPT-40. In general, a
clear segmentation with correct and incorrect seg-
ment boundaries is a complex problem, especially
for datasets that contain spoken language. This
restriction applies to our study, since the transcripts
of a lecture were analyzed. Thus, clear divisions
between segments are not always apparent. A gold
standard dataset, even after manually segmenting
a select number of transcripts, would only present
one possibility of many potential segmentation re-
sults. The same problem has been noticed for other
reference-based evaluation procedures, e.g., in Fab-
bri et al. (2021) for the evaluation of summarization
systems.

When surveying the produced results, however,
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a few qualitative observations stand out. The GPT-
40 produced segments tend to start with introduc-
tory rhetorical questions the lecturer presented to
the students, which in turn works as a beginning
statement for the segment. TextTiling segments (at
least for the parameter configurations from Table 1,
which were checked here as well) do not exhibit
this behavior to the same extent.

Nevertheless, the segments produced by both ap-
proaches provide a basis for further computation,
e.g., as mentioned in section 3 in the approach of
the dataset providers, using the segments as input
data for keyword extraction and topic identifica-
tion. Furthermore, Lehmann and Landes (2024) de-
scribe limitations regarding the segments produced
by GPT-3.5-turbo. In their experiments, no themat-
ically cohesive segments were returned and, even
more critically, instead of segments, text consisting
of lists of topics and key points of the transcript
was produced (Lehmann and Landes, 2024, p. 4).
The LLM was therefore not able to accurately fol-
low the instructions given in the prompt. These
problems did not occur in our experiments, thus an
improvement can be observed for present models
such as GPT-40.

From the examples considered, it could not be
deduced in any way that a segmentation created
with GPT-40 could have significant advantages
over a segmentation created with TextTiling, es-
pecially for the use presented in Lehmann and Lan-
des (2024), as one part of a pipeline, which does
not influence the end goal of topic modeling and
recommender systems.

6 Conclusion

The task of text segmentation is one example of a
less researched field of study, but nevertheless can
act as a research scenario for a long-established and
efficient technique, which can be compared to the
modern state-of-the-art in NLP-research, meaning
present LLMs. While more experiments are con-
ceivable, this paper has presented first observations
in analyzing the contrast between older models and
modern LL.M-solutions — TextTiling and GPT-40
in this paper — for a concrete application scenario.
Especially other traditional models such as Top-
icTiling (Riedl and Biemann, 2012) or even rule-
based approaches could be applied in future work.
However, based on the current assessment follow-
ing the experiments conducted in this study, we
assume that alternative traditional models would

not significantly affect the overall outcomes or the
quality of the results presented in this paper.
Further improvements could be made regarding
locally run LLMs. First experiments with Llama-
based models were conducted, to decrease the de-
pendency on API-based solutions of large providers
and also the corresponding usage costs for the APL
Whereas the dataset for the experiments in this pa-
per is rather small, the costs of processing texts
with LLMs can quickly increase for larger datasets.
The results provided in this paper show the still
lasting relevance of older models with benefits in
terms of energy efficiency and processing time, as
well as hardware resources. While the performance
lags behind the LLM-approach in terms of uniform
results, depending on environmental or financial
constraints, traditional models still serve a purpose
in today’s NLP-landscape and should still be dis-
cussed as an alternative to modern solutions.

Limitations

The quantitative evaluation certainly contains areas
of improvement, since the dataset itself did not in-
clude reference segments. Thus, no gold standard
was available to evaluate against and more sophis-
ticated evaluation metrics could not be applied.

Furthermore, due to time and resource con-
straints, segmentation via GPT-40 was performed
only once for the whole dataset. Manual tests and
prompt optimization were done beforehand, but
multiple executions could help to evaluate the re-
sults in general and if hallucinations or other un-
desired generation artifacts occur or reproducible
results are achievable. The results of TextTiling
were evaluated based on a select number of param-
eter configurations, but could be studied in more
depth regarding the influence of each parameter on
the results and segment sizes.

The values quoted for the energy consumption
are only estimations, with concrete numbers de-
pending on context, computational resources and
other factors. However, the difference in terms of
orders of magnitude between energy consumption
of TextTiling compared to GPT-40 is noticeable
and reflects the energy expended to produce the
results.

Unfortunately, reliable results for locally-run
LLMs, especially in terms of reproducing the exact
input texts with the desired addition of segment
markers, could not be achieved and due to time
constraints cannot be included in this paper. The
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use of locally applied LLMs with publicly avail-
able open weights is, however, one possible next
step in continued research on this topic, and with
functions such as structured outputs,'> generated
texts in the desired formats should be achievable
even with locally-run LLMs.
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A TextTiling Parameters

In order to comprehensively test
the  TextTiling  approach, the  values
[1,2,3,5,8,10,15,20,30,40,50] were each
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tested for the parameters w and k, the former
referring to the size of pseudosentences and the
latter to the block size applied in the comparing
step between segments, see more details in
Hearst (1997). A quantitative analysis regarding
all parameters was conducted using size-based
comparisons with the same metrics applied in
table 1 from section 5.1, i.e., average number of
generated segments per transcript and average
sentence and token counts per segment. Due to
layout constraints we did not include the full
statistics here, but they can be examined at https:
//github.com/uniba-mi/text-segmentation/
tree/main/data/results-statistics.csv.

When analyzing the values, a correlation be-
tween size of pseudosentences and segment size
was observed, i.e., higher w-values correspond with
smaller segment sizes, while a direct link between
k-values and the generated segments could not be
observed. Lower values resulted however in longer
processing, which is natural due to increased com-
putation because of a larger amount of comparisons
in contrast to the default parameter settings, see
more details also in the origial paper from Hearst
(1997).

B Prompts

GPT-40 was applied using the OpenAI-API. The
prompt was defined as follows:

Die folgenden Absatze stammen aus dem
Transkript einer Vorlesung zum Thema
Software Engineering:

{transcript}

Aufgabe:

Erstelle Segmente basierend auf dem
gegebenen Text.

Hinweise zum Ausgabeformat:

Gib ausschlieBlich die Segmente
zurick, mit einer leeren Zeile als
Trennung zwischen den Segmenten.
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