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Abstract

Artificial Intelligence (Al) is transforming Second Language Acquisition (SLA) by
enabling tailored, effective learning experiences. Technologies like adaptive learn-
ing systems, intelligent tutoring systems, and NLP tools provide customized instruc-
tion and immediate feedback, moving beyond conventional methods. Within deep
learning frameworks, Al can analyze student behaviors, systematically gather data,
and help educators understand learner performance, leading to more informed teach-
ing decisions and enhanced efficiency. Traditional language education, heavily reli-
ant on teachers and textbooks, often places the explanatory burden on instructors.
This can limit learners' practical language application opportunities, potentially cre-
ating passive environments that reduce participation, initiative, and motivation. Con-
versely, Al-driven personalized and adaptive models efficiently address individual

learner needs, accommodating distinct styles and paces. This provides significant
SLA support, markedly improving outcomes. Furthermore, integrating Al with gam-
ification in blended learning settings enhances student motivation and engagement,
thereby leading to improved outcomes in SLA.
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1. Introduction
1.1 Second Language Acquisition Matters

Second language learning is hard. Language, culture, psychology, and education impact these issues. L1 grammar,
vocabulary, and pronunciation can hinder L2 learning. L2 learning in L1-dominant situations is difficult. Confusion,
unease, and insecurity make many students avoid L2. Cultural and social interaction: L1-dominated situations make
learning new customs and communication styles difficult. Students may dislike the new language.

1.2 Al language learning

Al alters education. Integration of SLAs creates effective, customized education. Personalized training and fast feed-
back from Al-powered adaptive learning, intelligent tutoring, and natural language processing tools improve SLA.
Al can recognize classroom actions, collect and analyze data, and help educators evaluate SLA learners in deep
learning frameworks. It improves teaching.

Teaching language requires teachers and texts. SLA teachers' lengthy explanations may limit students' language
use. Student motivation and engagement decrease with passive learning.
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Deep learning frameworks allow personalized learning models and adaptive systems to match learner styles, speeds,
and needs. Tools improve SLA and learning. Games and blended learning Al boost SLA and student engagement.

Al/deep learning enhance ESL research, apps, and organizations. Large datasets and processing advances have
boosted deep learning [1]. Research and applications of deep learning go beyond DeepL, Google Translate, and sen-
timent analysis. Translation accuracy, semantics, and context matter [1].

With L1 pretraining, bilingual neural language models generalize L2 more, suggesting cross-linguistic transfer.
These algorithms customize learning. Deep learning, Al, and pedagogy improve student engagement, classroom be-
haviour, and second language acquisition. Better Al and education make deep learning practical for SLA. Educational
Al will change L2 instruction.

2. Literature Exam

According to complex SLA theory, second language learners differ from native speakers. New and improved educa-
tion methods exist. Krashen and Vygotsky suggest using Al to create intelligent tutoring systems that mimic human
interaction and provide immediate feedback to meet learners' needs and improve language acquisition. Al-driven
tutoring customizes lessons. AI models trained on massive datasets improve second language grammar, vocabulary,
and pronunciation.

Krashen's Second Language Acquisition hypothesis recommends natural language exposure over formal instruc-
tion and distinguishes subconscious and conscious language learning. Natural language teaches Al subconsciously
and consciously. According to the input hypothesis, language acquisition occurs when learners comprehend input
slightly above their ability level. Customize student content with Al. In language acquisition, the emotional filter
hypothesis emphasizes emotion. Al reduces class stress. Al-powered ITS offers personalized feedback and interactive
discussions to improve English fluency. Kukulska-Hulme and Lee [2] emphasize social learning. Al chatbots and
collaborative learning enable interaction. Al and deep learning can boost SLA, but sociocultural factors must improve
relationships. Technology and traditional teaching methods can improve SLA scores and accommodate diverse learn-
ers [2].

STEM in second language acquisition, especially CALL, advances education and technology. In the 1960s, CALL
began. According to behaviorist theories, early CALL programs improved second language acquisition with repetitive
drills and mechanical exercises. According to Heift and Chapelle, the 1970s PLATO interactive vocabulary and gram-
mar drills started CALL and changed education [3].

In the 1980s, microcomputers enabled interactive, individualized CALL [4]. Modern SLA learning is more flexible
with Al and mobile. Technology lets students learn anywhere, maximizing efficiency in fragmented time [5].

Think about AI's limits before using it on SLA. New languages can be taught and second languages improved with
mobile devices. For second language training, education, and technology, researchers must constantly research new
Al applications. Technology must promote SLA, equitable learning, and mass education through rigorous, evidence-
based research.

2.1 AI Second Language Tutors

In SLA, deep learning Al changes intelligent tutoring. Deep neural networks personalize learning, provide real-time
feedback, and improve SLAs. Using adaptive algorithm models, dynamic assessment systems adapt evaluation issues
to learner data. Parameter optimization improves language learning.

Fixing feedback delays with Al-powered SLA ecosystems changed second language training. Al can tailor lessons
to students' needs, cultures, and conditions to improve SLA specificity and efficacy.

Al aids language learning, but has issues. Intelligent assistants must be refined to recognise stress patterns and
interpret complex meanings [2]. Popular because deep learning improves teaching and learning. New research shows
applications and theories. Popular frameworks include Bloom's Taxonomy and Biggs' 3P model. This approach helps
educators use deep learning for critical thinking and long-term learning [2].

Deep learning predicts student learning outcomes with LSTM models. Few non-cognitive perspectives are found
in deep learning research. This suggests educational environment analysis.

2.2 Literature mysteries

Grammar correction and pronunciation evaluation smart SLA support systems are improving, but educator integration
is limited. A “teacher + AI” dual-mode hybrid teaching system is needed for efficiency and personalization. Current
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systems lack instruction and struggle with message and emphasis pronunciation. Kukulska-Hulme and Lee [2] say
the gaps show technological rationality and educational environment adaptability. A multidisciplinary “teacher + AI”
model study is needed [2].

Many computers are used in deep learning models, which may increase school implementation costs. Language
learning models need cheaper options with less tutoring dialogue data. A difficult topic, intercultural competency—
working with other cultures—is rarely studied [6].

Since few intelligent assistance systems for Chinese, Spanish, and Arabic have been investigated, most deep learn-
ing systems employ English data. Reduced multilingual learning adaptability. There is no theoretical framework to
evaluate how age, motivation, and learning style affect system performance, limiting deep learning for personalized
applications. Research should emphasize integrated language skill modeling, multilingual corpora, individualized
feedback systems, and system interpretability to make deep learning in SLA practical.

3. Methodology
3.1 Research Design

Fast data assessment, personalized algorithms, and full behavioral feedback improve deep learning SLA. SLA skills
improve with student motivation. Research using qualitative and quantitative methods.

Personal narratives and complex events are best studied with qualitative interviews. Qualitative interviews allow
complex analysis of participants' thoughts, experiences, and emotions. Participant characteristics and research context
make qualitative analysis ideal for this study. Story, content, and thematic qualitative analysis shine. In qualitative
data, thematic analysis finds themes. No theory restricts it, making it flexible and accessible [7].

A quantitative analysis measures events and relationships. Mathematics and statistics find patterns, evaluate ideas,
and predict outcomes in behavioral data [8]. Deep learning-enhanced SLA data analysis requires standardized surveys,
trials, or databases. Frameworks enable quantification [8].

Quantitative analysis employs descriptive and inferential methods, with regression and descriptive statistics pre-
dominating in this study. Regression examines causal/correlational relationships between independent variables (e.g.,
deep learning system usage frequency, study duration) and dependent variables (e.g., language performance, error
rates), potentially predicting progress via Al feedback frequency. Descriptive statistics report sample characteristics
(mean, SD, frequency), while comparative analysis assesses Al impacts across learner groups.

3.2 Samples: People

Mixed-methods research achieves depth and precision via complementary sampling: qualitative approaches use small
samples for deep expertise, while quantitative methods rely on larger populations for statistical representation. Ran-
dom sampling reduced bias. Structured techniques included semi-structured interviews and focus groups, ensuring
authentic data. Interview data was securely transferred and ethically disposed.

For quantitative analysis, 60 non-native English-speaking Chinese learners (aged 16-18) were randomly selected.
The closed-ended questionnaire facilitated objective statistical analysis and cross-group comparison. Informed con-
sent and anonymity were strictly maintained throughout.

3.3.1 Analytical Tools

Lee et al. [6] suggest an Al-driven SLA system enhancement to improve conversational system development due to
low-quality dialogic teaching materials. Faster R-CNN and EfficientDet classroom behavior studies are promising.
EfficientDet is fast and precise in a simplified framework, while Faster R-CNN finds and orients targets in two phases.
Yolov5 classroom behavior analysis helps. Real-time SLA monitoring and reporting meet urgent needs. High accu-
racy detects diverse learner behaviors. System scaling and instructional resources are simplified by lightweight mod-
els [6].

3.3.2 Quality Tools

Complex comparisons and analyses are more consistent with semi-structured interviews. SLA Intercultural Compe-
tence was examined through semi-structured interviews. How does culture affect language learning, motivation, and
results? Ask open-ended queries. Researchers can focus on the topic while learning participants' perspectives with
semi-structured interviews.
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3.3.3 Quantitative

Multimodal data acquisition captured Second Language Acquisition (SLA) behaviors through synchronized multi-
source devices. High-definition cameras positioned frontally, centrally, posteriorly, and laterally enabled comprehen-
sive multi-angle visual fusion for enhanced posture and activity recognition. Spatial audio was captured via micro-
phone arrays, while tactile interactions were recorded using pressure and angular sensors. This tri-modal (visual-
auditory-tactile) integration established a structured behavioral feature base for analysis.

The system detected subtle indicators imperceptible to human observers: angular sensors quantified overlooked
nonverbal cues (e.g., educator nodding frequency), while pressure sensors documented environmental tactile engage-
ment. Behavioral correlations emerged—reclining postures with averted gaze indicated inattention, whereas in-
creased writing pressure combined with vocal hesitations suggested affective states like confusion or expressive in-
tensity. Video-audio-behavioral recognition synergistically enhanced the analysis of conversational interactions.

3.3.4 Qualitative Data Processing

Recursive, complete, and critical qualitative data analysis requires deep data engagement and reflection on approach
and results. Typing interviews, focus group discussions, scanning images, and organizing field notes yield qualitative
data.

To avoid data loss and manage large amounts of data, Cloete [9] recommends audio memos for field notes and
transcripts [9]. Interviews, field notes, and altered graphics are qualitative data. Thematic, narrative, discourse, con-
tent, and phenomenology are qualitative analyses. A common qualitative research method is theme analysis. Analysis
of research data is thematic. This approach's adaptability, exploratory research applicability, participant voice aug-
mentation, and transparency support this study's goals [7].

3.4 Model Training/Evaluation

3.4.1 Model Training

Training loss values assessed the YOLOvS5s model's performance. Model convergence evaluation was simplified by

loss curve fluctuation over training epochs. Losses in localization and classification assessed model learning.
Training continued until the model's performance. Monitor loss function threshold. The impact of learning rate and

batch size on training time. Temporal data shows training process improvements. Training efficiency can be improved

by finding parameter combinations that boost convergence speed without losing accuracy. Model performance must

be optimized for real-world deployments with limited computers.

3.4.2 Quantitative Model Analysis

Precision is needed to quantify model object detection reliability. Calculation: FPs are negative examples, the model
mislabeled positive, while TPs are correct. Confidence may reduce false positives. Management of false detection
and threshold calibration matters.

3.4.3 Qualitative Model Assessment

Model development and improvement require quality assessment. Knowledge-based models are evaluated without
numbers. This strategy improves model reliability, complex model dynamics, and improvement opportunities. Qual-
itative evaluation allows large datasets, pattern collapse, and image comparison to real photos or baseline models.
Assess the YOLOvVSs model's maintainability forecast qualitatively using models, criteria, and results. This method
finds model issues and shows how human assessment predicts maintainability.

YOLOVSs builds Al models with quantitative and qualitative metrics. In generative picture models, qualitative
image quality and diversity assessments provide insights that quantitative measurements cannot. Qualitative and
quantitative assessment improves second language design frameworks. Theory-based evaluation and multi-attribute
decision-making are included in the model.

4. Results and Discussion

For similar baseline parameters (age, gender, pretest scores, and study time), the Al-enhanced teaching group outper-
formed the traditional teaching group in posttest scores, proving instructional efficacy. Each group had 30 participants,
with a mean age of 17.2 years (SD = 0.9) and equal gender distribution (15 males, 15 females). Pretest scores (Tra-
ditional: 65.248.7; Al: 64.849.1) indicated group similarity. The Al-enhanced group had a higher posttest score
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(79.5£7.6 vs. 72.14£9.3) due to increased Al input (5.7£1.4 times/week) and a difference of 7.4. A Cohen's d = 1.63
effect size study outperformed the standard group (0.78). Finally, Al feedback boosted learning the most. Al-enhanced
teaching has great educational potential because frequent integration has produced statistically significant results and
instructional value.

TP

Precision = W

Table 1. Group Comparison of Traditional and Al-enhanced Teaching

Group N Age Gender Pretest Score Posttest Score Study Time AIbl;e::le{:d- Cohen's d
(Mean+SD) (M/F) (MeantSD, pts)  (Mean+SD, pts) (h/wk) (times/wk) Effect Size

Traditional 3, 179,09 15/15 65.248.7 72.149.3 12.3+3.7 0+0 0.78

Teaching
Al-Enhanced
30 17.2+0.9 15/15 64.849.1 79.5+7.6 12.3+£3.7 5.7£1.4 1.63
Group
4.1 Stats

Temporal student behavior tracking. Class handraising and attention are assessed. Comparing behavior frequencies
across student groups or classes measures student participation and influences instructional tactics. Track student
behavior for a month or semester to spot changes. It may indicate if a child stopped whispering or focused, promoting
personalized learning.

4.2 Quality

4.2.1 Interview Topic Analysis
Complex Al feedback system effects on SLA were revealed by interview thematic analysis. Al feedback motivated
students. Students felt accomplished and motivated to study with prompt and targeted feedback. Multiple respondents
said system feedback improved vocabulary, pronunciation, and grammar. Some said Al input ignored cultural and
language contextual variables, lowering accuracy. Participants complained that the Al system was insensitive to cul-
ture and language, which could miscommunicate across cultures. Several respondents said Al feedback helped them
learn independently and correct mistakes.

Al feedback system SLA benefits are obvious. Be culturally aware and contextual. Improved language acquisition
requires precision and cultural adaptability. Education powered by Al encourages lifelong, self-directed learning.

4.2.2 Integrating qualitative and quantitative data

Both quantitative and qualitative evidence show that deep learning-enhanced SLA improves student performance and
experience. Quantitative data shows Al feedback improves language exam performance and reduces errors. Qualita-
tive semi-structured interviews support this. Fast, accurate, and frequent Al feedback boosted confidence, motivation,
and performance.

Integrated analysis revealed that personalized Al feedback significantly altered learning behaviors. While quanti-
tative data correlated prolonged engagement with improved outcomes, qualitative findings indicated deeply engaged
learners reported greater autonomy and accomplishment, validating feedback's impact on self-regulation. However,
frequent feedback caused frustration among some, highlighting the necessity for system transparency and pedagogi-
cal support.

Research shows normal and tailored Al feedback boosts SLA. Qualitative data describes learners' experiences and
insights, while quantitative data shows how feedback frequency improves language proficiency. This concludes how
Al-driven technologies improve education and student autonomy. Targeted Al feedback improves second language
learning and motivation.

5. Conclusion

Chinese high schoolers' SLA was studied using deep learning-augmented technology and Al-driven feedback systems.
Pre- and post-tests and semi-structured interviews assessed Al treatments' effects on language competency, learner
behavior, and engagement. Stats showed that constant Al feedback improved language proficiency more than
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traditional learning. Behavioral frequency and trend studies showed better posttest results and more involvement for
the Al group. Al-driven second language acquisition is possible, say these studies. Students learned Al system pros
and cons from quality results. Motivation, autonomy, and verbal accuracy increased while cultural insensitivity and
contextual comprehension unAl feedback scared participants. Improve culturally relevant language acquisition Al
with these suggestions.

Finally, deep learning-augmented Al systems boost SLA with fast, personalized, and scalable input. Language
training success requires overcoming cultural and contextual barriers. To benefit from Al-assisted language acquisi-
tion, future research must address long-term effects, scalability across educational environments, and human-led in-
struction.
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