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Abstract

This paper presents a quantitative evaluation of an automatic translation system between
industrial robot programming languages based on a sequence-to-sequence (Seq2Seq) neural
architecture using Long Short-Term Memory (LSTM) networks. The study addresses the
interoperability problem between proprietary robot programming languages by proposing
a data-driven approach capable of learning correspondences between structured code
instructions. A parallel dataset of 28,000 aligned instruction pairs was constructed and pre-
processed through tokenization and normalization to enable structured sequence learning.
The model was trained under four configurations (50,100, 150 and 200 epochs) to analyze
the impact of training duration on performance and generalization capability. The system
was evaluated using multiple quantitative metrics, including accuracy, loss, BLEU, and
Exact Match (EM), allowing assessment of both structural similarity and exact sequence
correctness. Experimental results demonstrate that the 200-epoch configuration improves
the performance across all metrics, achieving an accuracy of 0.9943, a BLEU score of 0.682,
and an Exact Match of 0.970 on the test set. These results indicate that the model is capable
of generating both structurally consistent and syntactically correct translations. The analy-
sis shows that while BLEU captures structural similarity, EM provides a stricter evaluation
of exact sequence correctness, which is critical in structured code translation tasks where
minor variations may affect execution. The proposed approach demonstrates the feasibil-
ity of applying neural machine translation techniques to industrial robot programming,
contributing to improved interoperability and reduced manual effort in multi-platform
robotic environments.

Keywords: industrial robot programming; industrial robotics; code translation; neural
machine translation (NMT); sequence-to-sequence models; LSTM networks; robot language
interoperability; structured code translation; Exact Match; BLEU metric

1. Introduction

Modern industrial automation depends heavily on programmable robots capable
of executing high-precision tasks in complex production environments, where accurate
motion representation and control are essential [1-4]. However, one of the main technical
problems in the manufacturing industry is the lack of interoperability between different
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robot programming environments [1,3,5]. Each manufacturer develops proprietary lan-
guages with significant differences in syntax, control structures, motion definitions, and
tool configuration [3,6,7]. As a consequence, the migration and reuse of programs between
heterogeneous robotic platforms becomes complex and inefficient.

When companies expand their automated infrastructure by integrating robots from dif-
ferent manufacturers, program adaptation is typically performed manually by specialized
personnel, leading to high engineering costs, downtime, and risks of human error [1,5,8].
This situation limits manufacturing flexibility and contrasts with the principles of Industry
4.0, which are oriented toward intelligent, adaptive, and interoperable systems [2,4,9].

To address this problem, robot programming has evolved toward offline program-
ming (OLP) approaches, post-processing techniques, and conversion tools for proprietary
systems [8,10,11]. Nevertheless, most of these solutions rely on expert-defined rules,
which do not guarantee complete semantic correspondence between source and target
programs [1,3,10].

The literature reports several approaches to translation and interoperability in indus-
trial and software domains. Some works employ post-processors that convert trajectories
generated in CAD/CAM environments into manufacturer-specific code [10], while others
propose offline programming frameworks that generate robotic programs from abstract rep-
resentations [11]. In parallel, recent studies have explored neural approaches to translating
structured and formal languages, including code translation benchmarks and sequence-
to-sequence models [7,12-16]. Likewise, advances in language models have shown the
ability to translate natural-language instructions into executable commands and to generate
robotic control policies, highlighting the convergence between machine translation and
robot programming [6,14,15,17,18].

Despite these advances, evaluating translation quality in industrial programming lan-
guages remains a critical challenge. Traditional metrics such as BLEU assess structural sim-
ilarity by comparing n-gram matches between generated sequences and references [19,20].
However, BLEU was designed for natural language and may not adequately reflect the cor-
rectness of structured code, where small differences can result in non-executable programs.
In contrast, the Exact Match (EM) metric enables strict evaluation by verifying whether the
generated sequence is identical to the reference, making it especially suitable for assessing
exact sequence correctness in industrial contexts.

In recent years, artificial intelligence, particularly Neural Machine Translation (NMT),
has achieved outstanding results in sequence modeling tasks [21-23]. Sequence-to-sequence
(Seq2Seq) architectures based on LSTM networks have proven effective at learning corre-
spondences between variable-length sequences [21,24-28]. Nevertheless, their application
to industrial robot programming languages remains limited, especially in contexts where
strict syntactic and execution constraints must be satisfied [3,12-15].

In this work, an artificial-intelligence-based approach is proposed for automatic trans-
lation between two industrial robot programming languages. The study focuses on a
specific language pair and aims to conduct a detailed quantitative analysis in structured
code scenarios.

To this end, a parallel dataset of 28,000 aligned samples was constructed. The programs
were preprocessed with tokenization and normalization, enabling their representation as
structured sequences suitable for training an LSTM-based Seq2Seq model [21,24,25].

The performance of the proposed system was evaluated using quantitative metrics
commonly used in machine translation, including accuracy, BLEU, Exact Match (EM), and
loss [19,20]. This approach enables the analysis of not only structural similarity but also
exact sequence correctness, model convergence, and training stability across the training,
validation, and test sets.
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The main contribution of this work is the development and evaluation of a data-driven
neural approach for translating structured robotic programs. Unlike traditional rule-based
methods, the proposed model learns both structural and functional correspondences across
heterogeneous languages. In addition, a comprehensive quantitative analysis is presented
using multiple evaluation metrics, enabling the identification of the model’s strengths and
limitations in industrial code translation.

The results indicate the feasibility of using artificial intelligence to improve interoper-
ability and reduce manual effort in industrial robotic systems, focusing on a specific case
study involving translation from FANUC to KUKA (KRL) programming languages.

Automatic translation between programming languages has been extensively studied
in software engineering and artificial intelligence. In the context of industrial robotics,
this problem becomes more complex due to proprietary languages developed by different
manufacturers, which limit interoperability among heterogeneous robotic systems [1,5,29].

Several studies have analyzed programming methods for industrial robots. Bilancia
et al. [1] present an overview of control and programming approaches in modern industrial
environments, while Tamizi et al. [5] highlight the evolution of motion planning techniques
and their relationship to the use of advanced computational tools.

Traditional solutions for robotic program conversion typically rely on offline pro-
gramming (OLP) and post-processing techniques. For example, Souza et al. [8] propose a
framework that can convert offline-generated programs into native code compatible with
various robotic controllers. Similarly, Nagata et al. [10] developed post-processing methods
that convert trajectories generated in CAD/CAM environments into executable programs.
However, these approaches rely heavily on manually defined deterministic rules, limiting
their generalization capability.

Moreover, recent works have explored artificial-intelligence-based approaches for
the translation of structured languages. Lee et al. [3] demonstrate the feasibility of using
neural models to translate programs across industrial robot languages. Likewise, Acharjee
et al. [7] propose sequence-to-sequence models to translate pseudocode into source code,
highlighting the potential of neural machine translation in structured domains.

Code translation has also been widely studied beyond the robotics domain. Yan
et al. [12] present CodeTransOcean, a multilingual benchmark for evaluating code transla-
tion models, and Pan et al. [13] analyze errors introduced by language models in automatic
translation. In addition, Feischl and Kern [14] study the functional quality of the gener-
ated code, and Macedo et al. [15] propose using intermediate representations to improve
translation accuracy.

A fundamental aspect of these systems is evaluating translation quality. The BLEU
metric, proposed by Papineni et al. [19], has been widely used to measure the similarity
between generated sequences and reference outputs. Subsequently, Post [20] emphasized
the importance of reporting this metric accurately in experimental studies.

However, in the context of structured programming languages, evaluation poses
additional challenges. Partial similarity-based metrics, such as BLEU, may not fully capture
the functional correctness of generated code. In this regard, stricter metrics such as Exact
Match (EM) have been used in code translation tasks because they allow verification of
exact correspondence between sequences, which is critical in applications where small
syntactic variations may invalidate program execution [13,14].

Finally, sequence-to-sequence models based on recurrent neural networks, particularly
LSTM-based models, have proven effective for modeling sequence dependencies and
learning correspondences between languages [21,22,24-26]. Nevertheless, their application
to industrial robot programming languages remains an active area of research, especially in
scenarios requiring high syntactic and semantic precision.
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Recently, different architectures such as T5, CodeT5, CodeBERT, StarCoder, and Llama
variants have opened new lines of research and application for automatic code transla-
tion and generation. Through large-scale pretraining, these architectures have improved
their ability to capture complex contextual dependencies. However, their use requires
greater computational resources. For this reason, LSTM-based Seq2Seq models remain
a feasible option for specialized tasks involving smaller datasets and limited computing
capabilities [30-33].

Although studies have already addressed translation in industrial robot programming
or the integration between robots, the techniques they have used include post-processors
and rule-based functions. There is still a very broad field of study in the implementation
of neural models for automatic translation between industrial programming languages.
Likewise, there are few works that use quantitative evaluation metrics considering exact
matching and structural similarity of the generated sequences.

This work proposes a Seq2Seq model based on LSTM networks for translation between
the Fanuc and Kuka languages, using a dataset of 28,000 samples taken from example
programs in manuals and industrial programs that were or are currently in operation in a
robotic cell. The main contribution of this work is an approach that uses machine learn-
ing implementation for interoperability between robotic platforms while simultaneously
performing a quantitative analysis of the model’s performance using evaluation metrics.

2. Materials and Methods

The proposed system performs automatic translation between industrial robot pro-
gramming languages through a sequence-to-sequence (Seq2Seq) neural architecture. This
type of model has proven highly effective for sequence translation tasks, in both natural
and structured languages [21,22,24,25].

The main objective of the system is to learn correspondences between instructions
written in different robot programming languages using aligned data pairs. In this
work, the translation process focuses on converting programs written in the FANUC
language (FANUC, Oshino, Japan) into the KUKA KRL language (KUKA Robotics,
Augsburg, Germany).

The system’s general architecture is divided into two main phases: training and
translation. In the training phase, a parallel dataset comprising equivalent instructions
in the FANUC and KUKA languages is preprocessed, tokenized, and converted into
numerical representations to train the LSTM-based Seq2Seq model. In the translation
phase, a new program written in the FANUC language is processed through tokenization
and subsequently fed into the previously trained model, which generates the equivalent
program in the KUKA language as output. This general system workflow is illustrated in
Figure 1.

Unlike traditional approaches based on deterministic rules or post-processors, the
proposed system adopts a data-driven approach in which the model learns the relationships
between instructions directly from aligned examples. This approach has been widely
explored in automatic code translation tasks, demonstrating advantages in generalization
and adaptability [3,12,13].

2.1. Dataset Construction

To train the translation model, a dataset of 28,000 aligned pairs between the FANUC
and KUKA languages was constructed. Each sample contains semantically equivalent
commands in both languages, enabling the model to learn direct correspondences be-
tween sequences. The equivalence between instruction pairs was verified through manual
inspection based on programming semantics and industrial standards.
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Figure 1. General workflow of the proposed learning-based translation model, including training
and inference phases.

The data were obtained from real industrial robot programs and simulation-generated
examples, which help ensure that the samples represent realistic operating conditions.
Each dataset record includes the source-language command (FANUC), its target-language
equivalent (KUKA), a unified token, and the corresponding functional category.

Table 1 shows that FANUCs can be aligned with their KUKAs while preserving the
same operational intent, despite syntactic differences between the two languages. This
strategy enabled the construction of a parallel dataset suitable for supervised training of
the model.

Table 1. Examples of aligned robot instructions used in the training dataset (FANUC-KUKA).

Fanuc Instruction KUKA Instruction Unified Token Category
J P[1] 300 mm/s FINE PTP P1 Vel =300 mm/s JointMove Motion
L P[1] 300 mm/s FINE LIN P1 Vel =300 mm/s LinearMove Motion
C P[1] P[2] 300 mm /s FINE CIRC P1, P2 Vel = 300 mm/s CircularMove Motion

The instructions cover a wide variety of typical operations in industrial robot program-
ming, including motion commands (PTP, LIN, CIRC), tool and base configurations, speed
parameters, input/output control, and logical structures. To analyze the internal structure
of the dataset, the distribution of instructions by unified token is presented in Table 2.

The dataset distribution shows a predominance of motion instructions, consistent
with the nature of industrial robotic programs, in which trajectories constitute the main
component [1,5]. Additionally, the distribution of instructions by functional category
is presented in Table 3, allowing the diversity of commands used during training to
be evaluated.
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Table 2. Distribution of instructions by unified token.

Unified Token Number of Samples
JointMove 4000
LinearMove 4000
CircularMove 4000
ToolConfig 2000
BaseConfig 2000
Velocity 2000
Wait 2000
DigitalOut 2000
ConditionalJump 2000
CallSub 1334
Timer 1334
OffsetMove 1332

Total 28,000

Table 3. Distribution of instructions by category.

Category Number of Samples
Motion 12,000
Configuration 4000
Advanced 4000
Velocity 2000
Timer 2000
I/0 2000
Logic 2000
Total 28,000

The correspondence between equivalent instructions in the FANUC and KUKA lan-
guages is illustrated in Figure 2, which shows that different commands preserve the same
functional meaning despite syntactic differences.

Source Language > Target Language
(FANUC) (KUKA)

JPM] ———————» PTPP1
LP[Z] ——— LINP2
CP[M]P[2] ——— CIRC P1, P2

Figure 2. Example of equivalence between instructions in FANUC and KUKA languages.

The use of aligned parallel datasets has proven an effective strategy for automatic trans-
lation tasks because it allows the model to learn direct relationships between equivalent
sequences [12,13].

2.2. Tokenization and Instruction Representation

Once the dataset has been constructed, the instructions are converted into a structured
representation via tokenization. This process decomposes each instruction into a sequence
of tokens, with each token representing a meaningful component of the command.

In the context of robot programming languages, these components include motion
type, position identifiers, numerical parameters, speed units, and execution modifiers.

For example, a FANUC language instruction such as “J P[1] 300 mm/s FINE” can be
decomposed into a sequence of tokens that represent its structural components. Likewise,

https://doi.org/10.3390/technologies14080488


https://doi.org/10.3390/technologies14080488

Technologies 2026, 14, 488

7 of 21

a KUKA language instruction such as “LIN P1 Vel = 300 mm/s” can be represented by
tokens that preserve its functional meaning. The tokenization process for these instructions
is illustrated in Figure 3, where each command is transformed into a structured token
sequence suitable for processing by the model.

FANUC Instruction: Token Sequence

J P[1] 300mm/sec FINE (300 [fmmisec] | [IFINE]

KUKA Instruction: Token Sequence
> ILIN]| (P11 [ven] | 300] | [[mmvsec]|

LIN P1 Vel=300mm/sec

Figure 3. Example of tokenization of robot programming instructions, where each instruction is
transformed into a structured token sequence for model processing.

Although both languages exhibit syntactic differences, tokenization enables the repre-
sentation of instructions as structured sequences that preserve their functional meaning.
This type of representation is widely used in automatic code translation tasks because it
facilitates learning patterns across different languages [7,13]. Since robotic instructions are
usually relatively short, a maximum sequence length of 30 tokens is defined. To ensure
consistency during training, all sequences are normalized using padding, enabling efficient
batch processing.

2.3. Numerical Representation and Seq2Seq Model

After tokenization, the sequences are transformed into numerical representations
by assigning integer indices to each token. This process makes it possible to convert the
instructions into a format suitable for deep learning models.

The translation system is implemented through a sequence-to-sequence (Seq2Seq)
architecture based on Long Short-Term Memory (LSTM) networks, which have proven
effective for modeling dependencies in variable-length sequences [21,24]. As shown in
Figure 4, the model comprises an encoder that processes the input sequence and a decoder
that generates the output sequence from a latent representation.

The model learns the conditional probability of an output sequence given an input
sequence, which can be expressed as [21,22]:

P(y1,Y2,--- YT | X1, X2, .., XT), 1)
This probability can be factorized as [21,22]:

T

Pylx) =[1PGaly1, .. yi —1L,x), @)
t=1

This decomposition makes it possible to model the generation of each token as a func-
tion of the previous tokens, capturing sequential dependencies within the instruction [21].

LSTM networks are particularly suitable for this type of task due to their ability
to capture long-term dependencies through gating mechanisms, which are essential for
translating structured sequences [24].
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Figure 4. Sequence-to-sequence (Seq2Seq) architecture based on LSTM networks, illustrating the trans-

formation of input token sequences into output token sequences through encoder-decoder processing.

2.4. General System Configuration

The model training process uses the previously described parallel dataset, which is divided
into training, validation, and test subsets to evaluate the system’s generalization capability.

During training, the model learns to map input sequences in the source language to
equivalent sequences in the target language by optimizing its internal parameters through
an iterative process.

To achieve proper convergence, standard deep learning techniques are used to stabilize
training and improve the model’s generalization. These configurations, including hyperpa-
rameters and optimization strategies, are described in detail in the following subsections.

2.5. Model Architecture

The proposed translation system is based on a Seq2Seq (Sequence-to-Sequence) model
implemented using two LSTM layers, one for the encoder and one for the decoder. This
architecture was selected for the translator because it has been shown in other reported
works to be highly effective in long-term sequence modeling tasks and in translating
between natural language texts with different grammatical structures [21,22,24,28].

The two layers used in the architecture are:

Encoder: processes the input sequence in the source language (FANUC) and trans-
forms it into a latent representation that captures the relevant information in the instruction.

Decoder: generates the output sequence in the target language (KUKA) sequentially
from this latent representation.

To improve data representation, an embedding layer is used to transform discrete
tokens into dense vectors, thereby capturing semantic relationships among vocabulary
elements [25]. The architecture uses a latent dimension of 128 units, providing a suitable
balance between modeling capacity and computational complexity. In addition, regulariza-
tion techniques such as dropout and recurrent dropout with a value of 0.2 are incorporated
to reduce overfitting and improve the model’s generalization capability [34].
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During training, the teacher-forcing technique is employed, in which the true sequence
is used as input to the decoder at each time step. This strategy accelerates model conver-
gence and improves training stability. To delimit sequences, the special tokens <START>
and <END> are used, indicating the beginning and end of each instruction, respectively.

Each LSTM layer employs 128 hidden units, and the architecture design focuses on
minimizing the risk of overfitting while maintaining high performance in the evaluation
metrics employed. The entire architecture was configured to achieve a balance between
learning capacity and computational cost.

For model optimization, training tests were performed with different numbers of
epochs, from 50 to 200 with intervals of 50 between each one, seeking optimal convergence
and performance. It was determined that with 200 epochs there was the best convergence
in the model. Furthermore, the Adam optimizer was used for parameter updates during
training since it has good computational efficiency, fast convergence and use in deep
learning applications [21,22,24,28]. Finally, a batch size of 16 samples was used for training.

Within the dataset, different percentages were used for training, validation, and
testing of the total dataset, 22,400 samples corresponding to 80% were used for training,
and the remaining 20% was divided equally between testing and validation, resulting in
2800 samples per subset. The first subset was used for model learning, the validation subset
to monitor the model’s generalization capability during training, and the testing subset to
evaluate its final performance on previously unseen data.

2.6. Data Representation and Preprocessing

The input and output sequences correspond to tokenized instructions from robotic
programs, where source sequences (FANUC) are translated into target sequences (KUKA).

The tokenization process separates instructions into structured components, allowing
each command to be represented as a sequence of meaningful tokens. This process is
complemented by text normalization techniques that reduce unnecessary variations in
instruction representation and improve dataset consistency.

The vocabulary is generated dynamically from the dataset, with an approximate size of
80-150 tokens. Each token is represented by an integer index, allowing efficient processing
by the neural model.

To ensure batch processing, all sequences are padded to a maximum length of 30 tokens
(post-padding). This approach preserves the sequential structure of the data without
affecting token order.

Finally, special tokens are incorporated to indicate the beginning and end of each
sequence, facilitating model learning during training.

2.7. Training Configuration

The dataset is divided into three subsets: training (80%), validation (10%), and test
(10%), following standard machine learning practices to evaluate the generalization capa-
bility of the proposed model.

The model was initially trained for 50 epochs using a batch size of 16 samples. Based
on the analysis of the training and validation metrics, increasing the number of epochs was
found to improve convergence without significant evidence of overfitting, leading to the
selection of 200 epochs as the optimal training configuration [35].

The Adam optimizer is employed with an approximate learning rate of 0.001, which
has proven effective in optimization problems involving deep neural networks [25,36].
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The loss function used is sparse categorical cross-entropy, suitable for sequence pre-
diction problems where tokens are represented as integer indices. This function is defined
as [23,25]:

t
L= —Zlog(yt), 3)
Y

where (y¢) is the probability that the model assigns to the correct token at time ¢.

During training, validation metrics are monitored to evaluate the model’s generaliza-
tion capability and detect potential overfitting.

To improve training stability and reduce overfitting, regularization techniques such
as dropout and recurrent dropout are employed with a value of 0.2. Likewise, the teacher
forcing technique is used, in which the real output is provided as decoder input at each
time step, accelerating convergence and improving prediction quality.

The combination of these strategies enables training a model capable of learning
complex translation patterns between industrial robot programming languages while
maintaining a balance among accuracy, stability, and generalization.

2.8. Evaluation Metrics

Model performance is evaluated using four main metrics: Loss, Accuracy, BLEU
(Bilingual Evaluation Understudy), and Exact Match (EM). These metrics enable analysis
of various aspects of model behavior, including convergence during training, token-level
precision, and the quality of generated sequences.

The metrics were selected because they provide complementary information about the
model’s performance. Loss and Accuracy, used in the training learning process, are com-
bined with BLEU and Exact Match, which allow for the evaluation of two important aspects:
structural similarity and exact match, respectively. This enables a more comprehensive
evaluation of the proposed model and the translation of industrial robot languages.

The Loss metric measures model error during training, while accuracy indicates the
proportion of correctly predicted tokens in the output sequence.

On the other hand, the BLEU metric is widely used in machine translation tasks
because it evaluates the structural similarity between the generated and reference sequences
using n-gram matches [19,20,37,38]. The BLEU score is defined as:

N

BLEU = BP-exp < wplog pn> , 4)

n=1

where (p, ) represents n-gram precision and (w;,) are the weights associated with each
n-gram level.
The brevity penalty factor is defined as [19,20]:

BP—{ 1, ifc>r, (5)

exp(l_g), ifc<r,
where (c) is the length of the generated sequence and (r) is the length of the reference sequence.

Additionally, the Exact Match (EM) metric measures the exact match between the
generated and reference sequences [13,14].

1Y d ¢
EM = NZ l(yi”” =Y me) (6)
i3

where I(-) is an indicator function that takes the value of 1 if the generated sequence exactly
matches the reference, and 0 otherwise.
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Unlike BLEU, which allows partial matches, EM is a strict metric that requires complete
correspondence between sequences. In the context of industrial robot programming lan-
guages, this metric is particularly relevant because small syntactic variations can produce
incorrect or non-executable programs.

Recent studies have emphasized that EM provides a more reliable indicator of exact
sequence correctness in code translation tasks, as partial similarity metrics such as BLEU
may overestimate model performance in the presence of minor syntactic deviations [18,39].

However, due to its strict nature, EM is highly sensitive to minor variations such as
differences in spacing, capitalization, or parameter representation. For this reason, low EM
values may be obtained even when the translation is structurally and syntactically correct.

Consequently, the combined use of BLEU and EM provides a more complete evaluation
of the system, with BLEU capturing structural similarity and EM evaluating the exact
correctness of generated sequences [40].

To mitigate this effect, a normalized version of EM can be considered, in which
cleaning and standardization processes are applied to the sequences before comparison.
This reduces sensitivity to superficial variations, providing an evaluation more closely
aligned with the functional behavior of the generated code.

The combined use of BLEU, strict EM, and normalized EM enables evaluation of
model performance from multiple perspectives, considering both structural similarity and
the exact correctness of the generated sequences.

3. Results

This section presents the quantitative evaluation of the proposed model for the au-
tomatic translation of industrial robot language instructions. The analysis is carried out
using standard metrics in sequence modeling tasks, including loss, accuracy, BLEU, and
Exact Match (EM).

The evolution of model training is examined, along with its final performance on the
training, validation, and test sets. In addition, a detailed analysis of model stability and the
differences among the metrics used is presented to provide a comprehensive evaluation of
the proposed system.

3.1. Training Evolution

The evolution of the model training process is analyzed using loss and accuracy curves
across epochs, considering both the training and validation sets. These metrics enable
evaluation of model convergence and generalization capability.

As shown in Figure 5, the loss function decreases progressively during training,
reaching values close to zero on the training set. In the validation set, a similar trend is
observed, albeit with slightly higher values, consistent with the expected behavior in deep
learning models.

On the other hand, the accuracy metric shows a sustained increase throughout the
epochs, reaching values close to 1.0 on the training set. In the validation set, accuracy
stabilizes above 0.97, indicating the model’s strong ability to generalize to unseen data. This
behavior suggests that the model can effectively learn correspondences between the input
and output sequences without significant overfitting. The difference observed between
training and validation metrics remains within an acceptable range, indicating an adequate
balance between fitting and generalization. Additionally, the stability of the curves during
the final epochs suggests that the model has converged, with further training producing
only marginal performance improvements.
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Figure 5. Training and validation metrics across epochs for two training configurations: (A) training
and validation loss for 50 epochs, (B) training and validation loss for 200 epochs, (C) training and
validation accuracy for 50 epochs, and (D) training and validation accuracy for 200 epochs.

The obtained results confirm that the training configuration enables stable convergence
and effective generalization. As shown in Figure 5, the model trained for 200 epochs exhibits
improved convergence and lower validation loss than the 50-epoch configuration.

3.2. Final Results

The model’s final performance is evaluated on the test set to assess its generaliza-
tion to unseen data during training. The results obtained for the proposed model under
four training configurations (50, 100, 150 and 200 epochs) are presented in Table 4, which
includes the loss, accuracy, BLEU, and Exact Match metrics for the test set. The 50-epoch
configuration is used as a baseline for comparison.

Table 4. Comparison of model performance on the test dataset for four training configurations (50,
100, 150 and 200 epochs).

Metric 50 Epochs 100 Epochs 150 Epochs 200 Epochs
Accuracy 0.9301 0.9321 0.9901 0.9943
Loss 1.5199 1.4794 0.0369 0.0227
BLEU 0.388 0.387 0.669 0.682
Exact Match 0.752 0.759 0.944 0.970

On the test set, the 200-epoch configuration achieves an accuracy of 0.9943 and a
loss value of 0.0227, indicating high precision in token prediction. Likewise, the model
obtains a BLEU score of 0.682, reflecting high structural similarity between the generated
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sequences and the references. Additionally, the model achieves an Exact Match (EM) of
0.970, indicating that 97% of the generated sequences fully match the reference translations.
This metric is widely used in code translation tasks as a strict evaluation criterion to
measure exact correctness of generated sequences, complementing similarity-based metrics
such as BLEU [18,27,39,41-43].

These results demonstrate that the model effectively learns correspondences between
industrial robot programming languages, achieving both high token-level precision and
adequate structural similarity in the generated sequences. Overall, the results show that
the proposed architecture is suitable for translating robotic instructions and achieves
competitive performance on standard evaluation metrics. The structured and repetitive
nature of robot programming instructions partially explains the high performance. This
behavior is consistent with structured code translation tasks, where patterns are more
regular compared to natural language.

As observed, increasing the number of training epochs leads to significant improve-
ments across all evaluation metrics, particularly in Exact Match (EM), highlighting the
importance of sufficient training for structured code translation tasks.

3.3. Comparison Across Datasets

The comparative analysis across the training, validation, and test sets enables evalua-
tion of the model’s generalization capability and detection of potential overfitting.

On the training set, the model achieves values close to 1.0 for both accuracy and loss
reduction, indicating that it has effectively learned the correspondences in the dataset. How-
ever, this behavior alone is not sufficient to guarantee good performance on unseen data.

On the validation set, a slight decrease in accuracy is observed, with values close
t0 0.9941, and a moderate increase in the loss function. This behavior is consistent with
expectations for deep learning models and suggests that the model maintains adequate
generalization capability.

On the test set, the results are consistent with those obtained on the validation set,
achieving an accuracy of 0.9943 and a BLEU score of 0.682. This similarity indicates that
the model does not exhibit significant overfitting and can generalize well to new data.

It is important to note that although the accuracy metric approaches near-perfect
values, the BLEU score is lower, as expected in code translation tasks. This difference arises
because accuracy evaluates predictions at the level of individual tokens, whereas BLEU
measures the structural similarity of the entire sequence.

In this sense, small variations in the generated sequence may not significantly affect
accuracy but may affect the BLEU score. This highlights the importance of using mul-
tiple metrics to evaluate model performance from different perspectives. In particular,
Exact Match (EM) has been widely adopted in structured code translation tasks as a strict
metric for evaluating full-sequence correctness, while BLEU captures partial structural
similarity [27,39,41].

The consistency between validation and test results, as well as the relationships
among the metrics used, confirms that the model exhibits stable behavior and adequate
generalization capability for the task of translating robotic instructions.

3.4. Performance Analysis

The combined analysis of BLEU and Exact Match (EM) metrics provides a more
complete view of model performance in the task of translating robotic instructions [40].

The BLEU score on the test set is 0.682, indicating high structural similarity between
the generated and reference sequences. This result suggests that the model can adequately
capture the syntactic patterns found in industrial robot programming languages.
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This difference between metrics is particularly relevant in the context of structured
programming languages. For example, a generated instruction that differs only in one
parameter or in token order may still be semantically valid, but it will be penalized by the
EM metric.

In this sense, scenarios may be observed in which the model achieves high BLEU scores,
indicating a correct sequence structure, while EM scores are lower due to minor differences
in the exact representation of the instruction. As shown in Figure 6, the discrepancy
between BLEU and Exact Match reveals the limitations of partial similarity-based metrics
for evaluating structured code translation tasks. In addition, the 200-epoch configuration
consistently achieves superior performance across all evaluation metrics compared to the
50-epoch model.

Comparison of evaluation metrics

0.9901 0.9943

0.944

0.752 0.759

0.669 0.682
0.388 0.387 I

Accuracy BLEU Exact Match

m50epochs ™ 100epochs m 150 epochs 200 epochs

Figure 6. Comparison of test-set evaluation metrics obtained using different training epoch configu-
rations, including Accuracy, BLEU, and Exact Match (EM).

This analysis demonstrates that the model is not only capable of generating syntac-
tically correct sequences, but also of effectively approximating the expected behavior of
industrial robot programs, which is real-world industrial applications.

Despite the strong performance, some limitations remain. Errors are mainly observed
in parameter representation and token ordering, particularly in less frequent instruction pat-
terns. These cases highlight the need for more diverse datasets and of the proposed model.

3.5. Statistical Analysis and Reproducibility

To ensure the model’s reliability, stability and reproducibility were evaluated. Ten in-
dependent runs were performed using the same dataset and parameters, focusing on all
200 epochs. Accuracy, Loss, BLEU, Exact Match (EM), and training time were recorded for
each run. The results of each run are shown in Table 5.

Subsequently, the mean and standard deviation were calculated for each of the metrics
mentioned in the previous table. This was performed to analyze the variability of the
results, which showed low variability across all evaluated metrics, indicating consistent
and stable model behavior during the training and evaluation process. The mean and
standard deviation results are shown in Table 6.
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Table 5. Performance metrics obtained from ten independent training runs of the proposed model.

Exact Training
Value Test Accuracy Loss BLEU Match Time

1 099687475  0.011463702  0.694548833  0.983333333 02:36:49
2 0.993820429  0.028454605 0.684496156 0.967 02:23:48
3 0.996752799  0.012550828  0.696195813  0.982666667 02:20:08
4 0.993559718  0.026703293  0.679328715  0.965666667 02:04:58
5 0.996183336  0.016181936  0.689237431  0.979666667 02:07:46
6 0.997189879  0.010193966  0.698236296 0.985 02:21:17
7 0.997064173  0.011037312  0.696965551  0.984333333 02:13:31
8 0.998128414  0.009208709  0.704484438 0.99 02:22:14
9 0.994811416  0.02249917  0.685179506  0.972333333 02:25:01

—_
e}

0.995631278  0.015375367  0.692491084 0.976666667 02:17:23

Table 6. Mean and sample standard deviation of the performance metrics obtained from ten indepen-
dent training runs.

Metric Mean Standard Deviation
Accuracy 0.996001619 40.001516505
Loss 0.016366889 40.007054776
BLEU 0.692116382 +0.007561867
Exact Match 0.978666667 +0.008087485
Training Time 02:19:18 £0:09:07

3.6. Qualitative Translation Example

To illustrate the practical behavior of the proposed model, a qualitative translation
example is presented using a FANUC program generated in RoboGuide and its correspond-
ing output in KUKA KRL format. This example demonstrates how the model translates
structured robotic instructions while preserving their operational semantics.

The input program consists of motion instructions, including joint and linear move-
ments, with associated parameters such as speed and termination conditions. The proposed
translation system generates the corresponding KUKA code by adapting the structure and
syntax of the original program to the target language.

In particular, the generated output follows the standard KUKA architecture, which
separates the execution logic and data definition into two files: a main program (.SRC)
and a data (.DAT) file. This separation contrasts with the FANUC format, where both
instruction logic and positional data are typically defined within a single file.

Figure 7 shows the input FANUC program and the corresponding translated KUKA
files generated by the proposed system.

The translation preserves key motion semantics, including the correspondence be-
tween joint and linear movements (] — PTP, L — LIN), demonstrating correct mapping of
core instruction types.

For example, differences can be observed in the representation of motion termination
and velocity parameters between the source and target programs.

Some discrepancies are observed in parameter representation, motion blending con-
ventions, and controller-specific formatting, reflecting differences between FANUC and
KUKA programming standards. For instance, termination conditions such as FINE in
FANUC do not have a direct one-to-one equivalent in KUKA and are approximated through
blending parameters. These differences do not alter the program’s operational intent but
highlight the challenges of achieving exact correspondence across heterogeneous indus-
trial languages.
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FANUC (.LS) (A)
/PROG PRUEBA_FANUC_1 /POS
/ATTR P[1){
OWNER = MNEDITOR; GP1:
COMMENT =" UF : @, UT : 1, CONFIG : 'NUT, o, 0, ',
PROG_SIZE = 697; X = 1500.000 mm, Y = 0.000 mm, Z= 1140.000 mm,
CREATE = DATE 24-11-25 TIME 16:54:14; W= 0.000 deg, P = -90.000 deg, R = 0.000 deg
MODIFIED = DATE 24-11-25 TIME 18:01:52; };
FILE_NAME = ; PL2]{
VERSION =1; GP1:
LINE_COUNT = 5; UF : @, UT : 1, CONFIG : 'NUT, 0, 0, ',
MEMORY_SIZE = 1049; X = 1500.000 mm, Y = -640.000 mm, Z= 1140.000 mm,
PROTECT = READ_WRITE; W= 0.000 deg, P = -90.000 deg, R = 0.000 deg
TCD:  STACK_SIZE =0, };
TASK_PRIORITY = 50, P[3){
TIME_SLICE =0, GP1:
BUSY_LAMP_OFF =0, UF : @, UT : 1, CONFIG : 'NUT, o, 0, ',
ABORT_REQUEST =0, X = 1500.000 mm, Y = 0.000 mm, Z= 560.044 mm,
PAUSE_REQUEST = 0; W= 0.000 deg, P = -90.000 deg, R = 0.000 deg
DEFAULT_GROUP = 1,%,%, % *; };
CONTROL_CODE = 0000000 000V ; P[4]{
/MN GP1:
1 :J P[1] 100% FINE ; UF : @, UT : 1, CONFIG : 'NUT, o, 0, ',
2 :L P[2] 106mm/sec FINE H X = 1500.000 mm, Y = 103.000 mm, Z= 560.044 mm,
3 :L P[3] 100mm/sec FINE H W = 0.000 deg, P = -90.000 deg, R = 0.000 deg
4 :L P[4] 100mm/sec FINE 8 };
5 :L P[5] 10emm/sec FINE 8 P[51{
/POS GP1:
P[1]{ UF : @, UT : 1, CONFIG : 'NUT, o, o, @',
X = 1500.000 mm, Y = 0.000 mm, Z= 1140.000 mm,
W = 178.409 deg, P = -80.709 deg, R = -178.507 deg
3
/END
DEF kuka_translate()|DECL FDAT FDAT1={TOOL_NO 1, BASE_NO ©} ((j)
BAS (#INITMOV,0) |DECL PDAT PDAT1={VEL 100, ACC 0}
PTP XP1 C_DIS DECL POS XP1={X 1500.0, Y 0.0, Z 1140.0, A 0.0, B -90.0, C 0.0}
LIN XP2 C_DIS
LIN XP3 C DIS DECL FDAT FDATZ:{TOOL_NO 1, BASE_NO a}
LIN XP4 C DIS DECL PDAT PDAT2={VEL 108, ACC 0}
LIN XP5 C DIS DECL POS XP2={X 1500.0, Y -640.0, Z 1140.0, A 0.0, B -90.0, C 0.0}
END
DECL FDAT FDAT3={TOOL NO 1, BASE NO @}
DECL PDAT PDAT3={VEL 100, ACC @}
DECL POS XP3={X 1500.0, Y -640.9, Z 560.044, A 0.0, B -90.0, C 0.0}
DECL FDAT FDAT4={TOOL_NO 1, BASE_NO @}
DECL PDAT PDAT4={VEL 100, ACC 0}
DECL POS XP4={X 1500.0, Y 103.0, Z 560.044, A -0.0, B -90.0, C 0.0}
DECL FDAT FDAT5={TOOL_NO 1, BASE_NO 0}
I; DECL PDAT PDATS5={VEL 100, ACC @}
( ) DECL POS XP5={X 1500.0, Y 0.0, Z 1140.0, A 178.409, B -80.709, C -178.507}

Figure 7. Qualitative example of translation from FANUC to KUKA programming languages using
the proposed model: (A) input FANUC program (.LS) generated in RoboGuide, (B) translated KUKA
execution file (.SRC), and (C) corresponding KUKA data file (.DAT), highlighting both structural

correspondence and minor translation discrepancies.

This example is intended for qualitative illustration and complements the quantitative
evaluation presented in previous sections. As shown in Figure 7, small variations in
the translated instructions help explain why evaluation metrics such as BLEU and Exact
Match do not reach perfect scores, even when the generated sequences preserve the overall
structure and intent of the original program. The example demonstrates that the model is
capable of generating structurally consistent and semantically aligned translations, while
also highlighting areas where further refinement is required for full compliance with
industrial controller specifications.
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4. Discussion
4.1. Model Analysis

Recent advances in machine translation and code generation have seen significant
progress thanks to architectures such as Transformers and Large Language Models like
T5, CodeT5, CodeBERT, StarCoder, and some based on Llama. These architectures have
yielded promising results in natural language processing, code generation, and generating
correct structures in language translations [30-33].

For capturing large and complex amounts of data, Transformer-based models are
particularly useful. CodeT5 and CodeBERT are primarily used for understanding and
generating source code [30,33]. On the other hand, models like StarCoder and those based
on Llama focus on multilingual coding and the tracing of instructions from natural language
to machine language [31,33]. Recent studies show the application of these models to solve
human-robot interaction problems and the interpretation of natural language instructions
into robotic instructions [3,31-33,44,45].

Although these are significant advantages, the use of these architectures requires
larger datasets compared to traditional Seq2Seq models. Furthermore, the computational
resources and fine-tuning strategies are more complex in Transformer-based architec-
tures [30-33,44]. In comparison, the LSTM-based Seq2Seq architecture proposed in this
work achieved a good response using a moderate dataset and efficient computational
resources, representing an alternative for translating industrial robot languages.

4.2. Limitations

The present work has limitations that should be considered. First, the architecture
was trained and evaluated exclusively for the translation between the FANUC and KUKA
industrial robot programming languages; therefore, other robot manufacturers were not
considered in this initial study. Additionally, the dataset consisted of 28,000 instruction
pairs obtained from example exercises, routines executed in RoboGuide, and robotic cell
programs that were previously or are currently in use. Although an effort was made to
include a broad range of programming scenarios, the dataset may still be limited in terms
of the syntactic structures and programming situations represented during training.

The evaluation conducted in this work focused primarily on translation metrics, struc-
tural correspondence, and syntactic quality. Furthermore, the proposed system is capable
of generating code files compatible with manufacturer-specific simulation environments;
however, experimental validation using these simulators has not yet been performed. Fi-
nally, this work is limited to the analysis of an LSTM-based Seq2Seq architecture, and no
experimental comparison was carried out with more recent Transformer-based architectures
or Large Language Models.

4.3. Future Work

As future work, it is proposed to extend the model to support multiple industrial
robot programming languages, including ABB (RAPID) and other proprietary environ-
ments, to improve translation across a broader range of programming languages. Addi-
tionally, the evaluation of the generated code in simulation and real execution environ-
ments, such as RoboGuide, WorkVisual, and RobotStudio, is proposed. This will make
it possible to analyze not only syntactic quality, but also the execution correctness of the
generated programs.

Furthermore, extend the approach to the translation of complete programs, which
represents a significant challenge in the context of industrial robotic systems.
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5. Conclusions

In this work, an artificial-intelligence-based approach was presented for automatically
translating instructions in industrial robot programming languages. Using a sequence-
to-sequence (Seq2Seq) architecture based on LSTM networks, it was possible to model
correspondences between FANUC and KUKA language instructions with an aligned
parallel dataset.

The results indicate that the model effectively learns relationships among structured
sequences, achieving high accuracy on both the validation and test sets and competitive
BLEU scores. Specifically, the model achieves 0.9943 accuracy, 0.682 BLEU, and 0.970 Exact
Match on the test set. These results indicate that the model has an adequate capability to
capture the syntactic structure of the analyzed programming languages.

Additionally, the use of the Exact Match (EM) metric enabled a stricter evaluation of the
model, highlighting the difference between structural similarity and exact correspondence
in the generated sequences. This analysis emphasizes the importance of using multiple
metrics for code translation tasks, particularly in contexts where small variations can affect
program execution.

Finally, this work and the proposed approach demonstrate that deep-learning-based
models can be used effectively to improve interoperability among industrial robotic systems,
reducing reliance on traditional rule-based methods and facilitating adaptation across
different platforms.

6. Patents

A patent application resulting from the work reported in this manuscript has been
submitted to the Mexican Institute of Industrial Property (IMPI) with application number
[MX/a/2026/007546].

The source code developed for the implementation of the work reported in this
manuscript is registered as a computer program with the National Institute of Copyright
(INDAUTOR) under registration number 03-2026-012812371100-01.
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The following abbreviations are used in this manuscript:

Al Artificial Intelligence

LST™M Long Short-Term Memory
Seq2Seq  Sequence-to-Sequence

BLEU Bilingual Evaluation Understudy
EM Exact Match

LLM Large Language Model

NMT Neural Machine Translation
NLP Natural Language Processing
OLP Offline Programming
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