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SEMANTIC PREPROCESSING AND SELECTIVE
TRANSLATION OF POWERPOINT SLIDES USING
EMBEDDING’S AND GPT-40

This article presents an artificial intelligence approach for automatic translation of
presentation slides using semantic embedding’s and a lightweight neural network for intelligent
preprocessing. The system aims to selectively translate only relevant slide content — excluding
references, metadata, and technical terms — by semantically classifying text chunks before
passing them to the GPT-40 model. The approach enhances translation quality, reduces token
consumption, and maintains slide formatting integrity. The proposed method demonstrates
significant gains in translation efficiency and contextual accuracy, especially for academic
educational presentations. The obtained results confirm the potential of integrating semantic
models and generative language systems in the field of automated translation of educational
materials. Future research plans include extending the system for multilingual support and
adaptation to various presentation formats. Figs.: 5. Refs.: 12 items.

KarouoBi caoBa: caoBa: slides translation, semantic embedding’s, semantic
preprocessing, GPT-40, NLP pipeline, document translation.

Introduction. Recent advancements in large language models have
demonstrated their capacity to produce high-quality translations across a wide
range of languages. In addition to general-purpose models, specialized
architectures have been developed to address machine translation tasks with
increased accuracy and efficiency. Concurrently, text classification has been
extensively explored in the natural language processing literature, with
numerous methods proposed to categorize textual data based on semantic or
contextual features. A central objective of these efforts is to develop algorithms
that offer both high performance and computational efficiency.

A multi-label text classification approach that enhances performance by

integrating semantic relationships among labels through label vector fusion is
proposed in [1]. Another approach is to use fastText for efficient and scalable
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text classification, as demonstrated in [2], achieving strong performance on
short-text data with low computational cost. In [3] word embedding’s are
combined with a multi-grained cascade forest, offering a non-deep learning
approach that balances accuracy and efficiency in multi-class classification
tasks.

In contrast, non-neural network approaches have also been explored. In
[4], authors utilize a multi-level fuzzy neural network that incorporates fuzzy
logic to handle linguistic uncertainty, improving classification accuracy.
Similarly, [5] proposes an integrated algorithm that combines multiple
techniques to effectively classify short texts, addressing challenges related to
sparse features and limited context.

Semantic preprocessing and filtering represent crucial techniques in
current machine translation research. Filtering and pruning low - quality data,
improves translation accuracy and quality [6]

The following studies highlight the importance of integrating semantic
and contextual information to improve translation accuracy and coherence.
The approach demonstrated in [7] introduces graph convolutional networks to
predicate — argument structures into neural machine translation, boosting BLEU
scores on English to German translation tasks. Authors demonstrate semantic-
aware encoding strategies that allow detection and classification of text chunks
(e.g. notes, references).

LLM-based (like GPT-3.5, GPT-4) preprocessing on a document-level
translation method, as described in [8], outperforms commercial translation
systems on discourse coherence. Such applications are directly applicable to
improve the translation quality of slide content isolated in chunks.

Some studies suggest including the whole document context in translation
[9]. Such a straightforward method allows for enhancing English to German,
English to French and French to English translations.

On the other hand, [10] introduces hierarchical attention mechanisms to
integrate broader document context into translation, achieving BLEU score
improvements over sentence-level models. This approach is particularly
relevant for managing slide sequences and ensuring contextual coherence,
thereby supporting continuity across presentations.

Another pivotal consideration in deploying LLMs for translation tasks is
the computational expense, which scales markedly with model capacity. For
instance, large-capacity models offer enhanced fluency and better handling of
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multilingual context but incur substantially higher costs. Empirical data from
OpenAI’s API pricing illustrates this disparity. The GPT-40 model charges
approximately $2.50 per million input tokens and $10.00 per million output
tokens. In contrast, its smaller counterpart, GPT-40 Mini, dramatically reduces
costs to $0.15 per million input tokens and $0.60 per million output tokens. At
the upper end of the performance spectrum, GPT- 4.5 — a more powerful and
resource-intensive model — entails much steeper pricing: $75 per million input
tokens and $150 per million output tokens Wikipedia. Therefore, there is a
salient trade-off: while higher-capacity models may yield superior translation
quality, they also result in exponentially greater operating costs. This dynamic
necessitates careful model selection to strike a balance between translation
fidelity and economic feasibility, particularly when designing systems meant for
high-volume or real-time translation workflows.

The escalating cost of high-parameter language models underscores the
need for more efficient translation algorithms. To achieve high translation
quality at lower computational expense, future work should focus on methods
that selectively utilize LLMs through intelligent preprocessing, semantic
filtering, and lightweight neural components. Such approaches can improve the
quality-per-dollar ratio, enabling scalable and cost-effective translation
solutions.

Additionally, it is important to note that, since the focus of this article is
on translating PowerPoint slides, the available context depth is limited by the
presence of graphical elements, images, captions, and other non-textual content.

Quality evaluation method. The Bilingual Evaluation Understudy
(BLEU) metric proposed in [11] is one of the most widely used automatic
measures for assessing the quality of machine translation. It operates by
comparing machine-generated translations with one or more human reference
translations, relying on n-gram overlap to quantify lexical similarity

BLEU = BP - exp (XN_, wylog p,). (1)

Another approach to evaluate translation quality is BERTS crore[12] that
uses contextual embedding’s from BERT model to compute semantic similarity
between candidate and reference translations. The BERTS crore is calculated by
aligning each token in x with a token in X to compute recall and precision. A
greedy matching strategy is employed, ensuring that each token is paired with
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the most similar token in the opposite sentence to maximize the similarity score.
Precision and recall are then combined into an F1 measure. For a given
reference x and candidate X, the recall, precision, and F1 scores are defined as

follows.
_ 1 To
Rpgrr = 7 Xxiex MAXX; X, (2)
x| xj€x
Pggrr = %Zfef max xlej 3)
[Z] == xiex
__ ~ PBERT'RBERT
FBERT - . (4)
PBERT+RBERT

While BLEU, BERTScrore and others, provides a standardized and
reproducible way to evaluate textual output, they have important limitations.
Specifically, such metrics does not account for semantic meaning beyond
surface-level word matching and is entirely text-centric. As a result, they are not
applicable for evaluating translation quality in contexts where graphical
elements, images, or other non-textual content play a central role, such as
PowerPoint slides. In such cases, additional evaluation methods that consider
layout, multimodal context, and the interaction between text and graphics are
required.

The following figure illustrates an important limitation of purely text-
based evaluation metrics. While the translation in this example receives a
satisfactory BLEU score, it nevertheless includes segments that should not be
translated, such as licenses and reference entries. These elements are typically
standardized, legally binding, or context-independent, and their translation may
introduce inconsistencies or even inaccuracies.

Fig. 2 presents original (a) and translated (b) slide images. Although
translation achieve acceptable BLEU score, our preference is to retain technical
terms in English and produce translations that align with the target style and
formatting width.
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Fig. 1. Example of the slide with untranslatable data

supervised fixed supervised  fixed supervised fixed

Filters + MY Graphical

Model

Low-level Mid-level parts, Object,
Features Features phones, Utterance,
characters word
(a)

Fig. 2. Example of the slide with technical terms and styling — original slide

KOHTPONbOB (PiKCOBAHWA KOHTPONbOBPIKCOBaAHWNI

9 H 111 A1

DinbTpK
+ RelLU

DyHKUIT XapakTtepu netani, O6'ekT,
HW3bKOro CTUKMN TenedgoHu, BUCNOBMIOBA
piBHA cepeaHbor nepcoHaxi HHS, CNoBoO
0 piBHA
(b)

Fig. 2. Example of the slide with technical terms and styling — translation

A GPT-40 — based evaluation agent was designed to evaluate translation
quality of visual represented data. In this setup, the agent receives as input the
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original slide image and a candidate translated version of the same slide. The
block diagram of such approach is presented on Fig. 3.

Original
slide
GPT-40 Translation
agent Score
Evaluated
slide

Fig. 3. Block diagram of the translation quality evaluation algorithm

By analyzing textual content, layout, and visual elements, the model
generates a translation score that reflects not only lexical accuracy but also
contextual fidelity and alignment with graphical components. Such an approach
extends beyond purely text-based metrics like BLEU by incorporating
multimodal reasoning, enabling more reliable evaluation of translation quality
in slides where text, images, and formatting are tightly interdependent.

Filtering neural network architecture. Text embedding’s are high-
dimensional numerical representations of language that capture semantic
relationships between textual inputs. These representations enable quantitative
assessment of similarity or relatedness between text segments and are widely
applied in scientific and engineering domains, including information retrieval,
clustering, recommendation systems, anomaly detection, and text classification
In the proposed method we use OpenAl’s text-embedding-3-small model, an
enhanced and more efficient successor to the Ada embedding model. Thus, input
of the networks is an embedding vector of the tokenized text chunk.

The neural network is intentionally designed to be lightweight, to allow
efficient execution on relatively low-performance CPUs (Fig. 4).. This reduces
preprocessing overhead and ensures that filtering can be performed without the
need for specialized hardware. By minimizing computational requirements, the
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approach lowers overall system costs by limiting the amount of unnecessary text
passed to LLLM for translation.

Tokenizer

!
Embeddings

y
Dense(512)

.

Dropout

|
Dense(128)

|

Dropout

!
Dense(4)

Fig. 4. Architecture of the proposed neural network

The proposed filtering model is implemented as a feed forward neural
network operating on embedding vectors of text chunks extracted from slides.
The architecture begins with a dense layer of 512 units with ReL.U activation,
followed by a dropout layer with a rate of 0.3 to reduce over fitting. This is
succeeded by a second dense layer of 128 units with ReLU activation and an
additional dropout layer with a rate of 0.2. The final layer is a four-unit dense
layer with softmax activation, producing class probabilities corresponding to
“translatable text”, “reference”, “term” and “note”.

The network is trained using categorical cross-entropy loss and optimized
with Adam, employing a learning rate scheduler to ensure stable convergence.
Training data consists of approximately 5000 manually labeled text chunks,
providing the model with sufficient examples to learn effective discrimination

between content that should and should not be translated.

Results. The proposed approach demonstrates improved translation
performance, as confirmed by experiments on English-to-Ukrainian slide
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translation tasks. An example of the usage of the proposed preprocessing system
is illustrated in the Fig. 5.

KepoBaHuii  (hiKCOBAHWI KOHTPONbLOBA (PiKCOBaHWA KEPOBAHWW  chikcoBaHWiA

Graphica
| Model

HusbkopisBHe  OcoBnueocTi YaCTUHM, O6'exT,
Bi 03HaKu cepeaHboro TenedoHu, BucnoBneHHs
piBHSI CcMMBONA , CNOBO

Fig. 5. Example of the slide with not translated technical terms
and preserved styling

Using the proposed method, we conducted an evaluation on 163 translated
slides, comparing the results against translations produced by DeepL. The
analysis employed the proposed scoring approach, which considers both textual
accuracy and contextual integration with graphical elements.

Our findings indicate that slides translated with the proposed method
consistently outperformed those generated by DeepL, achieving improvements
of approximately 5 to 15% in translation quality scores. This demonstrates the
effectiveness of semantic preprocessing and selective translation in enhancing
the overall fidelity of slide translations.
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YK 004.8

CeMaHTHYHA noNepeIHsI 00podka Ta BUGIpKOBHII mepekuia] ciaiiis PowerPoint 3
BHKOPHCTaHHAM BOyaoByBaHHsi Ta GPT-40 / Caabnikos /I.B., Kpuiosa B.A., Korko P.O.
/I Bicuuk HTY "XTII". Cepist: [ndopmaruka ta mogentoBanns. — Xapkis: HTY "XIII". — 2026.
—Ne1(15). —C.83-93.

VY wi#t crarTi NpeacTaBieHo MiAXiA ITYYHOTO IHTEJIEKTY 10 aBTOMATHYHOTO MepeKIamLy
CafifiB Tpe3eHTaNill 3 BUKOPUCTAHHIM CEeMaHTHYHOTO BOYIOBYBaHHS Ta JIETKOI HEHpOHHOL
Mepexi JUIsl IHTEeJeKTyalbHOl nonepeaHbpoi o0pobku. CrucremMa crpsMoBaHa Ha BHOIPKOBHIH
MepeKIaj JIMIIE PEJCBAHTHOTO BMICTY CIalAiB, BHUKIIIOYAIOYM IIOCHJIAHHS, METajaHi Ta
TEeXHIYHI TEpMiHHM, NUIIXOM CEeMaHTW4HOi Kiacudikauii ¢parmeHTiB TekcTy nepen ix
nepemadero g0 Moxemi GPT-40. lleit migXin miABHINYe SAKICTh IepeKiamy, 3MCHIIYE
CIIO’)KMBAHHS TOKEHIB Ta 30epirae HUTICHICTh ()OpMaTyBaHHs Clai/iB. 3alipoOIIOHOBaHUI METO
JEMOHCTPY€ 3HAa4yHE IMiIBUINCHHSA E(QEKTUBHOCTI MEpeKyIaaxy Ta KOHTEKCTHOI TOYHOCTI,
0coOJNMBO U1l aKaJeMiYHUX OCBITHIX INpe3eHTauiil. OTpuMaHi pe3yiabTaTd MiATBEPIKYIOTh
MOTEHINaN iHTerparmii ceMaHTHYHHX MOJENed Ta TeHepaTUBHHMX MOBHHX CHCTeM y cdepi
AaBTOMATH30BAaHOTO MeEpeKiajly HaBYaJbHMX MarepianiB. MailOyTHI IUTaHU JOCIIIKEHb
BKJIIOYAIOTh PO3IIMPEHHS CHUCTEMH AJsI 0araTOMOBHOI MIATPUMKH Ta aJANTaIlilo 0 Pi3HHX
dbopmaris npesenrariiin. In.: 5. bibmiorp.: 12 Ha3B.

KarouoBi cioBa: mepexnan craiiniB, ceMaHTHYHE BOYIOBYBAaHHS, CEMaHTHYHA
noriepe st 00pooka, GPT-40, kouseep NLP, mepekina 1OKYMEHTIB.
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Semantic Preprocessing and Selective Translation of PowerPoint Slides using
Embeddings and GPT-40 / Salnikov D., Krylova V., Kotko R. // Herald of the National
Technical University "KhPI". Series of "Informatics and Modeling". — Kharkiv: NTU "KhPI".
—2026. — Ne 1 (15). — P. 83 —93.

This article presents an artificial intelligence approach for automatic translation of
presentation slides using semantic embedding’s and a lightweight neural network for intelligent
preprocessing. The system aims to selectively translate only relevant slide content — excluding
references, metadata, and technical terms — by semantically classifying text chunks before
passing them to the GPT-40 model. The approach enhances translation quality, reduces token
consumption, and maintains slide formatting integrity. The proposed method demonstrates
significant gains in translation efficiency and contextual accuracy, especially for academic
educational presentations. The obtained results confirm the potential of integrating semantic
models and generative language systems in the field of automated translation of educational
materials. Future research plans include extending the system for multilingual support and
adaptation to various presentation formats. Figs.: 5. Ref.: 12 items.

Keywords: slides translation, semantic embedding’s, semantic preprocessing,
GPT-40, NLP pipeline, document translation.
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