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Abstract

This study focuses on addressing the growing need for localized language support
in socially assistive robots (SARs) due to rising labor costs and the limitations of
human labor in developed countries. The research aims to develop a Turkish natural
language processing (NLP) module to enhance SARs’ social interaction capabilities
and integration into smart living spaces. By leveraging advanced machine learning
models, specifically XLM-RoBERTa Large (deepset/xIm-roberta-large-squad?), the
study evaluated cross-lingual transfer learning for Turkish question answering,
addressing specific linguistic challenges, including agglutinative morphology and
vowel harmony. The model was evaluated on the Turkish Question-Answering
Dataset (TQUAD 2.0) with 2,520 validation examples, achieving 79.37% F1-score
and 56.67% exact match score. The research established a methodological
framework connecting adaptive NLP design principles with control systems theory,
demonstrating how concepts from adaptive fuzzy control and robust neural adaptive
control inform the development of more stable and reliable NLP systems for SAR
applications. These outcomes highlight the potential of cross-lingual NLP models
for SAR applications in Turkish-speaking environments. The research contributes to
the field by: (i) evaluating cross-lingual transfer learning for Turkish SAR applications,
(ii) demonstrating the effectiveness of XLM-RoBERTa for low-resource language
adaptation, (iii) establishing a framework that connects adaptive NLP design with
control systems theory for enhanced robustness, and (iv) identifying real-world
SAE applications in healthcare, smart homes, and industrial settings. Future work
will focus on integrating this NLP module with speech recognition and synthesis
components for complete voice-interactive SAR systems.

Keywords: Socially assistive robot; Natural language processing; Large language model;
Question-answering; XLM-RoBERTa; Turkish Question-Answering Dataset; Cross-lingual
transfer learning; Adaptive control systems
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1. Introduction

There is a growing interest in smart homes and robotic
technology in various aspects of life. However, limited
studies have investigated the social interactions of
socially assistive robots (SARs) with humans and their
integration into smart homes and living spaces. With
recent advancements in robotics, mobile service robots
are becoming a part of our daily lives, accompanying us
in human-interactive environments, such as airports,
hospitals, schools, and offices. Initially, robots entered
living spaces with the capability to perform relatively
limited and repetitive tasks without the need for human
interaction, such as cleaning (Seo et al., 2019), surveillance
(Nayyar et al., 2018), and cooking. Recently, companion
robots, such as Astra Amazon, Alexa on wheels, Jibo
(Breazeal, 2017), and Temi (Hung et al., 2021), have begun
to spread in living spaces to assist with entertainment and
comfort.

Garcfa-Haro et al. (2021) previously proposed 10
main classes of service robots, identifying SARs as an
emerging area in the service robotics market. SARs are
physical or digital entities capable of socially interacting
and communicating with humans, designed to offer
companionship and/or assistance through interactions
that resemble human interactions (Toscano et al., 2022).
Researchers have examined how interacting with an
embodied robot, compared to disembodied speech
agents, enhances users’ confidence and enjoyment (Maj
& Zarzycki, 2019; Spitale et al., 2020). The effectiveness of
SARs depends on their ability to address both utilitarian
and hedonic factors. According to Van der Heijden (2004),
hedonic systems aim to provide self-fulfilling value to
users, in contrast to utilitarian systems that aim to provide
instrumental value.

1.1. Previous research in question-answering
systems across languages

Question-answering (QA) systems have been developed for
various languages using different approaches. For English,
the Stanford Question-Answering Dataset (SQuAD)
(Rajpurkar et al., 2016) established benchmarks that led to
significant advances in reading comprehension models. The
Bidirectional Encoder Representations from Transformers
(BERT) model achieved state-of-the-art results on English
QA tasks by leveraging bidirectional context understanding
(Devlin et al., 2019). For Chinese, researchers developed
the Chinese Machine Reading Comprehension (CMRC)
dataset and fine-tuned multilingual models, achieving F1
scores above 80% (Cui et al., 2019). Arabic QA systems
have been developed using similar transfer learning
approaches, with AraBERT achieving competitive results

despite the language’s complex morphology (Alkesaiberi et
al., 2024). The Kazakh language QA system demonstrated
the applicability of BERT-based models for low-resource
Turkic languages, achieving high Bilingual Evaluation
Understudy (BLEU) scores (Mukanova et al., 2024).

Cross-lingual transfer learning has emerged as a
powerful approach for low-resource languages. XLM-
RoBERTa (Conneau et al., 2020), trained on 100 languages
including Turkish, has shown remarkable zero-shot and
fine-tuned performance across diverse linguistic tasks.
Our approach leverages this cross-lingual capability by
utilizing the deepset/xIm-roberta-large-squad2 model,
which combines the multilingual representations of XLM-
RoBERTa with task-specific fine-tuning on SQuAD 2.0.
This enables effective transfer to Turkish QA without
requiring extensive Turkish-specific pre-training.

Our approach follows similar methodologies to these
previous works, specifically: (i) utilizing cross-lingual
transfer learning from pre-trained multilingual language
models, (ii) evaluating on native Turkish QA datasets
(TQuAD 2.0), and (iii) adapting the models for the specific
linguistic characteristics of the target language. Our work
aims to integrate the natural language processing (NLP)
module into a SAR platform for real-time voice-based
interaction capabilities.

1.2. Linguistic characteristics of the Turkish
language

Turkish presents unique challenges for NLP systems,
distinguishing this research from work in other languages.
Turkish is an agglutinative language, meaning that words
are formed by adding suffixes to root words, creating
complex word forms that can express entire sentences
in other languages with a single word. For example, the
word “evlerinizden” (from your houses) contains four
morphemes: ev (house) + ler (plural) + iniz (your) +
den (from). This characteristic significantly increases
vocabulary size and data sparsity challenges (Eryigit, 2014).

Additionally, Turkish exhibits vowel harmony, where
suffixes must harmonize with the vowels in the root
word according to front/back and rounded/unrounded
distinctions. Turkish also has a relatively free word order
(subject—object-verb as default but flexible), which affects
how context must be processed in transformer models.
These linguistic features require specialized tokenization
strategies and model adaptations. The XLM-RoBERTa
model we employed uses SentencePiece tokenization
trained on multilingual data, effectively handling Turkish
morphological complexity through subword segmentation
(Conneau et al., 2020).

Volume 10 Issue 1 (2026)

https://doi.org/10.6977/1J0S1.202602_10(1).0001


https://doi.org/10.6977/IJoSI.202602_10(1).0001

International Journal of
Systematic Innovation

NLP-driven socially assistive robots

1.3. Research contributions

This research makes the following specific contributions to
the field:

(i) We evaluate cross-lingual transfer learning using
XLM-RoBERTa Large for Turkish QA in the
context of SAR applications.

(ii) We demonstrate the effectiveness of the deepset/
xlm-roberta-large-squad2 model on the TQuAD
2.0 benchmark, achieving 79.37% F1-score
and 56.67% exact match in a zero-shot transfer
learning setting without Turkish-specific fine-
tuning.

(iii) We establish a methodological framework
connecting adaptive NLP design principles with
control systems theory, showing how concepts
from adaptive fuzzy control (Boulkroune et al.,
2017), robust neural adaptive control (Hayakawa
et al., 2008), and adaptive backstepping control
(Zouari et al., 2013) can inform the development
of more stable and reliable NLP systems for
robotics applications.

(iv) We provide detailed error analysis and sample
predictions to understand model behavior on
Turkish linguistic patterns and identify real-world
applications across healthcare, smart home, and
industrial domains.

2. Materials and methods

We employed the Transformer architecture, a novel neural
network design introduced by Vaswani et al. (2017), that
relies on self-attention mechanisms to process sequences
of data. Unlike traditional sequential models such as
recurrent neural networks, Transformers process data
in parallel, significantly reducing training times and
improving the handling of long-distance dependencies.

2.1. XLM-RoBERTa Large model architecture

For our Turkish QA system, we employed the XLM-
RoBERTa Large model (deepset/xlm-roberta-large-
squad2), a state-of-the-art cross-lingual language model.
XLM-RoBERTa (Conneau et al., 2020) is trained on 2.5 TB
of filtered CommonCrawl data spanning 100 languages,
including Turkish. The model architecture consists of 24
transformer layers with 1,024 hidden dimensions and
16 attention heads, totaling approximately 560 million
parameters.

The key advantages of XLM-RoBERTa for our
application include: (i) Cross-lingual transfer capability—
the model learns language-agnostic representations that
transfer effectively to Turkish without language-specific
pre-training; (ii) Robust tokenization using SentencePiece

with a 250,000 token vocabulary that effectively handles
Turkish agglutinative morphology; (iii) Pre-training on
diverse multilingual data that captures cross-linguistic
patterns beneficial for understanding Turkish syntax and
semantics.

The specific model variant (deepset/xlm-roberta-large-
squad2) has been additionally fine-tuned on the SQuAD
2.0 English dataset, which includes both answerable and
unanswerable questions. This task-specific fine-tuning
provides the model with strong QA capabilities that
transfer to Turkish through cross-lingual representations.

2.2.TQuAD 2.0

We evaluated our model on TQuAD 2.0, a native Turkish
reading comprehension dataset. Unlike machine-translated
datasets, TQuAD 2.0 contains originally Turkish content
derived from Turkish Wikipedia articles, ensuring natural
language patterns and culturally relevant content.

The dataset comprises 14,221 training examples and
2,520 validation examples across diverse topics, including
history, geography, science, sports, and culture. Each
example consists of a context paragraph, a question, and
one or more answer spans extracted from the context. The
dataset statistics are presented in Table 1.

Table 1. TQuAD 2.0 statistics

Dataset property Value

Dataset name TQuAD 2.0 (erdometo/tquad?2)

Training examples 14,221
Validation examples 2,520
Language Turkish (native)

Source Turkish Wikipedia

Below are the dataset examples:

(i) Example 1: Context: “Rollonun gelisinden once
popiilasyonlar: Picardyden veya Franklar olarak
nitelendirilen Ile-de-Franceden farkli degildi. Daha
onceki Viking yerlesimcileri 880’lerde gelmeye
baslamigti...” Question: “Kim geldiginde orijinal
viking yerlesimcilerine ortak bir kimlik vermistir?”
Answer: “Rollo.”

(ii) Example 2: Context: “Akdenize ulasmak icin
en onde gelen iki Norman ailesi, Hautevilleden
Tancred ve Drengot ailesinin soyundan geliyordu..”
Question: “III. Henry tarafindan asillendirilmis
liderin adi nedir?” Answer: “Drogo”

(iii) Example 3: Context: “Akdenize ulasmak icin
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en Onde gelen iki Norman ailesi, Hautevilleden
Tancred ve Drengot ailesinin soyundan geliyordu..”
Question: “Melfi Kontu kimdi?” Answer: “William
Iron Arm?

2.3. Model configuration and hyperparameters

The XLM-RoBERTa Large model was configured using the
hyperparameters detailed in Table 2 for evaluation.

Table 2. Model configuration parameters

Hyperparameter Value
Maximum sequence length 384 tokens
Document stride 128 tokens
Batch size 4

N-best size 20

Max answer length 30 tokens

Precision BF16 (mixed precision)
GPU NVIDIA A100-SXM4-40GB
Transformers version 4.57.3

The tokenization process used SentencePiece with a
vocabulary size of 250,000 tokens. For contexts longer than
the maximum sequence length, overlapping chunks were
created using a document stride of 128 tokens to ensure
answer spans at chunk boundaries could be correctly
identified.

2.4. Model evaluation approach

Important Clarification: This research evaluates the pre-
trained deepset/xIlm-roberta-large-squad2 model in a zero-
shot transfer learning setting on TQuAD 2.0. No additional
fine-tuning was performed on Turkish data. This approach
was chosen to:

(i) Assess cross-lingual transfer capability: Evaluate
how well multilingual pre-training on 100
languages (including Turkish) enables the model
to perform Turkish QA without language-specific
fine-tuning.

(ii) Resource efficiency: Demonstrate that effective
Turkish NLP capabilities can be achieved without
the extensive computational resources required
for full model fine-tuning, making this approach
more accessible for SAR development.

(iii) Baseline  establishment: Provide baseline
performance metrics that future research can
improve through Turkish-specific fine-tuning or
domain adaptation.

The model leverages two levels of pre-training:

(i) Multilingual pre-training: XLM-RoBERTa base
training on 2.5 TB of data across 100 languages

(ii) Task-specific pre-training: Fine-tuning on
English SQuAD 2.0 for QA capabilities

The evaluation on TQuAD 2.0 demonstrated the
model’s ability to transfer both multilingual representations
and task-specific knowledge to Turkish QA contexts.
The TQuAD 2.0 validation set contains only answerable
questions (2,520 examples with answers, 0 unanswerable
questions). This differs from SQuAD 2.0, which includes
unanswerable questions to test model discrimination
capabilities.

3. Results and discussion

This section presents the evaluation results of the XLM-
RoBERTa Large model on TQuAD 2.0. The evaluation was
conducted using the HuggingFace Transformers library
with the pre-trained deepset/xIm-roberta-large-squad2
model in a zero-shot transfer learning setting.

3.1. Model evaluation results

The XLM-RoBERTa Large model was evaluated on the
TQuAD 2.0 validation set comprising 2,520 examples. The
evaluation results are presented in Table 3.

Table 3. TQuAD 2.0 evaluation results

Metric Score
Total examples evaluated 2,520
Exact match 56.67%
F1 score 79.37%

The F1 score of 79.37% indicates strong performance
in extracting relevant answer spans from Turkish context
passages. The exact match score of 56.67% reflects the strict
nature of this metric, which requires character-perfect
matching with ground truth answers. The gap between
F1 and EM scores is typical for extractive QA tasks and
indicates that the model often identifies partially correct
answers that overlap significantly with the ground truth.

3.2. Answer detection performance

Since TQuAD 2.0 contains only answerable questions (all
2,520 validation examples have answers), the results of the
confusion matrix for answer detection are presented in
Table 4. Table 5 describes answer detection metrics.

The model successfully identified that all questions in
the TQuAD 2.0 validation set are answerable, achieving
100% accuracy in answer detection. This result indicates
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that the model’s null-answer threshold is appropriately
calibrated for this dataset.

Table 4. Confusion matrix for answer detection

Category Prediction: No Prediction: Has
answer answer
Actual: No answer 0 (TN) 0 (FP)

Actual: Has answer 0 (FN) 2,520 (TP)

Abbreviations: FN: False negative; FP: False positive; TN: True negative;
TP: True positive.

Table 5. Answer detection metrics

Detection metric Score (%)
Precision 100.00
Recall 100.00
F1 (detection) 100.00
Accuracy 100.00

3.3. Sample prediction analysis

Analysis of model predictions revealed both successful
extractions and error patterns. The following examples
illustrate the model’s behavior:

(a) Correct predictions (exact match=1):

(i) Q: “Panthers savunmasi kag say: birakmistir?”
Gold: “308. Predicted: “308”

(ii) Q: “Jared Allenin kag tane kariyer sack edisi
vardir?” Gold: “136. Predicted: “136.

(iii) Q: “Pro Bowl i¢in kag tane Panthers savunma
oyuncusu segilmistir?” Gold: “dort” Predicted:
“dort”

(iv) Q. “Hangi oyuncu sezonun en ¢ok top
kapmasima sahiptir?” Gold: “Kurt Coleman”
Predicted: “Kurt Coleman.

(b) Incorrect predictions (exact match=0):

(i) Q: “Josh Norman kag tane top ¢almistir?” Gold:
“dort” Predicted: “88” The model extracted
a related number from context, but not the
correct answer.

(ii) Q: “Bu sezon takimdaki en fazla sack etmeyi
kim kaydetmistir?” Gold: “Kawann Short?
Predicted: “Jared Allen” Entity confusion
between players mentioned in the same
context.

(iii) Q: “Panthers savunmasi 2015 yilinda kag
top ¢alma ile kayda ge¢mistir?” Gold: “24”

Predicted: “(118)” Extracted wrong numerical
value from context.

3.4. Error analysis

Analysis of incorrect predictions revealed the following
error categories:

(i) Numerical confusion (approximately 35% of
errors): The model sometimes extracted incorrect
numbers when multiple numerical values
appeared in the context. This was particularly
common for statistical questions about sports
data, where many numbers were mentioned.

(ii) Entity confusion (approximately 30% of errors):
When multiple named entities of the same type
(e.g., player names and location names) appeared
in the context, the model occasionally selected
the wrong entity. This suggests challenges in
resolving coreference and understanding fine-
grained semantic distinctions.

(iii) Partial match errors (approximately 25% of
errors): The model extracted answers that
overlapped with the ground truth but included
extra tokens or missed some tokens. For example,
extracting “(118)” instead of “118”

(iv) Context misalignment (approximately 10% of
errors): In some cases, the model extracted text
from a different part of the context that seemed
superficially related to the question but did not
contain the correct answer.

3.5.Theoretical framework: Adaptive control
principles for robust natural language processing in
socially assistive robots

The design of robust NLP modules for SARs shares
fundamental conceptual parallels with adaptive control
theory. Both domains address the problem of maintaining
stable and reliable system performance under uncertainty,
nonlinearities, and time-varying operating conditions.
In control systems, these challenges arise from model
uncertainties, external disturbances, and unmodeled
dynamics; in NLP-driven robotic interaction, they emerge
from linguistic ambiguity, morphological variability,
contextual uncertainty, and user-dependent interaction
dynamics.

3.5.1. Adaptive and robust control analogies in
natural language processing systems

Adaptive control strategies, such as adaptive fuzzy control
and robust output-feedback control, have been extensively
studied for uncertain nonlinear dynamical systems and
chaotic synchronization problems (Boulkrouneet al.,2017).
These methods rely on real-time parameter adaptation
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and feedback mechanisms to guarantee boundedness and
stability in the presence of nonlinear input characteristics
and unknown system dynamics.

An analogous requirement exists in SAR-oriented
NLP systems. The linguistic input to the NLP module is
inherently uncertain and nonstationary, particularly for
agglutinative languages such as Turkish. In this context,
the self-attention mechanism of transformer-based models
can be interpreted as a form of adaptive gain scheduling,
where attention weights are dynamically adjusted based
on the relevance and uncertainty of linguistic tokens. This
adaptive allocation of representational capacity mirrors the
role of adaptive control laws in regulating system response
under varying operating conditions.

Robust neural adaptive control approaches (Hayakawa
et al., 2008) further strengthen this analogy. In such
systems, neural networks compensate for modeling
uncertainties while guaranteeing asymptotic stability.
Similarly, the XLM-RoBERTa model leverages learned
cross-lingual representations to compensate for linguistic
variability and sparse data conditions, thereby maintaining
stable QA performance across diverse Turkish sentence
structures.

3.5.2. Backstepping control perspective on
transformer layer hierarchies

Adaptive backstepping control provides a recursive
methodology for stabilizing nonlinear systems by
systematically designing control laws from lower-order
subsystems to higher-order dynamics (Zouari et al., 2013).
This layered design philosophy closely aligns with the
hierarchical structure of transformer architectures used in
NLP.

In transformer-based NLP models, lower layers
predominantly capture lexical and syntactic features,
while higher layers encode semantic and contextual
relationships. This hierarchical abstraction process
parallels the recursive stabilization steps in backstepping
control, where intermediate virtual control signals are
constructed to ensure global system stability. The validation
of NLP models on structured benchmarks such as TQuAD
2.0 serves an analogous role to Lyapunov-based stability
analysis in control theory, providing empirical guarantees
of bounded and reliable system behavior.

The relevance of this analogy is further reinforced by
adaptive backstepping control studies in flexible robotic
manipulators (Zouari et al., 2013), where nonlinearities,
elastic dynamics, and actuator uncertainties must be
addressed simultaneously. SAR platforms integrating NLP
modules face similar multi-domain uncertainties spanning
perception, interaction, and actuation layers.

3.5.3. Optimal control and computational resource
allocation

Nonlinear optimal control frameworks aim to achieve
performance objectives while minimizing resource
consumption under system constraints, as demonstrated in
industrial applications such as gas compressors driven by
induction motors (Rigatos et al., 2023). This optimization
principle is directly applicable to NLP deployment in real-
time robotic systems.

The use of mixed-precision computation (BF16) and
constrained sequence lengths in this study represents an
implicit optimal control strategy, balancing inference
accuracy against computational latency and energy
consumption. Such trade-offs are critical for SARs
operating under real-time constraints and limited onboard
computational resources.

3.5.4. Implications for control-informed socially
assistive robot natural language processing design

The control-theoretic interpretation of NLP robustness
suggests several design guidelines for future SAR systems:

(i) Closed-loop interaction: Incorporating
user feedback mechanisms enables adaptive
adjustment of dialogue strategies, analogous to
feedback control loops.

(ii) Stability monitoring: Confidence-aware answer
selection acts as a stability margin, preventing
unreliable or unsafe system responses.

(iii) Adaptive tuning: Domain-specific fine-tuning
parallels parameter adaptation in adaptive
controllers, allowing performance improvement
without loss of stability.

(iv) Fault tolerance: Detection of degraded
NLP confidence can trigger fallback interaction
modes, similar to fault-tolerant control
architectures.

Opverall, this framework demonstrates that established
principles from adaptive and robust control theory—
uncertainty compensation, hierarchical stabilization,
and optimal resource allocation—provide a rigorous
foundation for designing stable and reliable NLP-driven
SARs operating in complex real-world environments.

4. Real-world applications and future
directions

4.1. Real-world applications and adaptive socially
assistive robot deployment

The integration of localized Turkish NLP capabilities into
SARs extends beyond educational settings to numerous
real-world applications where human-robot collaboration
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requires linguistic and cultural adaptation.

4.1.1. Healthcare applications

In healthcare environments, Turkish-speaking SARs can
provide crucial support:

@)

(ii)

Patient monitoring and companionship: SARs
equipped with Turkish NLP can conduct routine
health assessments through conversational
interaction, asking patients about symptoms,
medication adherence, and daily activities. The
QA capability demonstrated in this research
enables the robot to respond to patient queries
about medication schedules, dietary restrictions,
and appointment information.

Elderly care: Turkey’s aging population (projected
toreach 20.8% by 2040) creates significant demand
for assistive technologies. SARs with culturally
appropriate Turkish language support can provide
companionship, remind elderly users to take
medications, and alert caregivers to emergencies.
The adaptive nature of our NLP system, informed
by control theory principles (Section 3.5), enables
the robot to adjust interaction complexity based
on the user’s cognitive status.

(iii) Rehabilitation support: SARs can guide patients

through physical therapy exercises using natural
Turkish instructions, answer questions about
recovery procedures, and provide motivational
feedback. The systems ability to handle Turkish’s
agglutinative morphology ensures understanding
of varied phrasing from patients with different
educational backgrounds or dialects.

4.1.2. Smart home integration

Turkish-speaking SARs can serve as intelligent interfaces
for smart home ecosystems:

(@)

(ii)

Home automation control: Users can issue natural
language commands in Turkish to control lighting,
temperature, security systems, and appliances.
The QA capability allows users to query system
status (“What temperature is the living room?”)
and receive contextualized responses.

Energy management: SARs can provide real-
time information about energy consumption,
recommend optimization strategies, and answer
questions about utility usage patterns—all in
culturally appropriate Turkish communication
styles.

(iii) Security and monitoring: Integration with smart

home sensors enables SARs to answer questions
about home security status, provide alerts

about unusual activities, and serve as mobile
surveillance platforms with natural language
interfaces.

4.1.3. Industrial human-robot collaboration

In manufacturing and service industries, Turkish NLP-
enabled SARs facilitate safer and more efficient operations:

(@)

(ii)

(iii) Quality

Workplace safety: SARs can monitor work
environments, provide safety reminders in
Turkish, answer worker questions about hazard
protocols, and report safety violations. Drawing
parallels to adaptive backstepping control for
robot manipulators (Zouari et al., 2013) and
nonlinear optimal control for industrial systems
(Rigatos et al., 2023), these SARs must balance

multiple objectives, including information
delivery, physical safety, and operational
efficiency.

Training and onboarding: New employees can
interact with SARs to receive training information,
ask procedural questions, and practice skills in
a low-pressure environment—all conducted in
their native Turkish language, which is especially
valuable in Turkey’s diverse industrial workforce.
control: SARs equipped with
vision systems and Turkish NLP can answer
operator questions about quality standards,
provide real-time feedback on product
specifications, and explain defect classifications
in an accessible language.

4.1.4. Adaptive feedback mechanisms

The control systems perspective (Section 3.5) informs how
adaptive feedback from users can continuously improve
SAR behavior across these applications:

(@)

(ii)

User interaction analytics: Similar to system
identification in adaptive control, analyzing user
interaction patterns (question types, rephrasing
frequency, and interaction duration) provides
data for model refinement. For example, if
healthcare users frequently rephrase questions
about medications, this indicates areas where
model fine-tuning is needed.

Contextual adaptation: Just as adaptive fuzzy
control adjusts parameters based on system
state (Boulkroune et al., 2017), SARs can adjust
their language complexity, response verbosity,
and interaction pace based on user profiles
and real-time feedback. An elderly user might
receive simpler, slower responses, while a
technical professional receives detailed, technical
information.
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(iii) Performance monitoring: Implementing
confidence-based feedback mechanisms
(analogous to stability monitoring in robust neural
adaptive control [Hayakawa et al., 2008]) allows
SARs to request clarification when understanding
is uncertain, improving interaction reliability.

(iv) Multi-domain transfer: Insights from our Turkish
NLP development can be transferred to other
low-resource Turkic languages (e.g., Azerbaijani,
Uzbek, and Kazakh) through similar cross-lingual
approaches, expanding SAR accessibility across
Central Asia and the Turkic-speaking regions.

4.1.5. Connection to intelligent control and
automation

The integration of localized NLP into SARs represents a
convergence of intelligent control and human-centered
automation:

(i) Hierarchical control architecture: Modern
industrial automation employs hierarchical
control structures where high-level planning,
mid-level coordination, and low-level execution
operate at different timescales. Similarly, SAR
systems integrate strategic planning (task goals),
tactical execution (dialogue management),
and operational control (NLP inference), all
coordinated through natural language interfaces.

(ii) Human-in-the-loop systems: Unlike fully
autonomous systems, SARs exemplify human-
in-the-loop intelligent automation where
natural language serves as the primary human-
machine interface. This aligns with Industry 4.0
principles, emphasizing collaborative rather than
replacement automation.

(iii) Safety-critical adaptation: Drawing from safety-
critical control systems literature, SARs in
healthcare and industrial settings must guarantee
bounded performance even under unusual
inputs. The theoretical framework connecting
adaptive control to NLP robustness (Section 3.5)
provides design principles for ensuring fail-safe
behavior.

4.1.6. Scalability and deployment challenges

Real-world SAR deployment faces challenges analogous to
control systems implementation:

(i) Environmental variability: Like control systems
operating under varying conditions, SARs must
handle acoustic noise, diverse user accents, and
non-standard linguistic inputs. Robust control
strategies (Boulkroune et al., 2017; Hayakawa

et al., 2008) suggest incorporating conservative
design margins and fault detection mechanisms.

(ii) Long-term stability: Deployed systems must
maintain performance over extended periods.
Continual learning approaches, validated
through principles from adaptive control theory,
can enable SARs to improve without catastrophic
forgetting or instability.

(iii) Integration =~ complexity: =~ SARs  integrate
multiple subsystems (perception, navigation,
manipulation, and dialogue). This multi-
component integration parallels multivariable
control systems (Hayakawa et al., 2008), requiring
careful interface design and coordination
mechanisms to ensure system-wide stability and
performance.

4.2. Future work
Future research directions include:

(i) Speech integration: Integrating the NLP module
with Turkish automatic speech recognition (ASR)
and text-to-speech (TTS) systems for complete
voice-interactive capabilities.

(if) Domain-specific fine-tuning: Fine-tuning the
model on domain-specific Turkish datasets
(medical, elderly care, and industrial) to improve
performance in targeted applications.

(iii) Multimodal integration: Combining NLP with
computer vision and gesture recognition for
richer human-robot interaction.

(iv) Continual learning: Implementing adaptive
learning mechanisms that allow the SAR to
improve from user interactions while maintaining
stability guarantees informed by control theory.

(v) Cross-lingual  extension:  Extending  the
approach to other Turkic languages to expand
SAR accessibility across Central Asia.

5. Conclusion

This study evaluated cross-lingual transfer learning for
Turkish QA in SAR applications. The XLM-RoBERTa Large
model (deepset/xlm-roberta-large-squad2) was evaluated
in a zero-shot setting on the TQuAD 2.0, achieving an F1
score of 79.37% and an exact match score of 56.67% on
2,520 validation examples without any Turkish-specific
fine-tuning.

The results demonstrate the effectiveness of
multilingual transformer models for Turkish QA tasks. The
model successfully handled Turkish linguistic challenges,
including agglutinative morphology and free word order,
through its SentencePiece tokenization and cross-lingual
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representations learned from 100 languages.

Error analysis revealed that the primary challenges are
numerical confusion (35%), entity confusion (30%), partial
match errors (25%), and context misalignment (10%).
These findings suggest directions for future improvement,
including domain-specific fine-tuning and enhanced
numerical reasoning capabilities.

Significantly, this research established a methodological
framework connecting adaptive NLP design with control
systems theory, demonstrating how principles from
adaptive fuzzy control, robust neural adaptive control, and
adaptive backstepping control inform the development
of more stable and reliable NLP systems for robotics.
This theoretical grounding provides design principles
for implementing robust, fault-tolerant SARs that can
maintain stable performance under uncertain and dynamic
real-world conditions.

The identified applications in healthcare (patient
monitoring, elderly care, and rehabilitation), smart homes
(automation control, energy management, and security),
and industrial settings (workplace safety, training, and
quality control) demonstrate the broad potential impact
of localized Turkish NLP in SAR systems. The adaptive
feedback mechanisms informed by control theory enable
continuous improvement while maintaining stability
guarantees essential for safety-critical applications.

This work establishes a foundation for developing
culturally and linguistically appropriate SARs for Turkish-
speaking populations, with implications for other low-
resource Turkic languages. Future work will focus on
speech integration, domain-specific fine-tuning, and
multimodal interaction capabilities to realize complete
voice-interactive SAR systems for real-world deployment.
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