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PAPER

Application of Mobile Interactive Applications 
in College English Teaching from the Perspective 
of Intelligent Educational Technology

ABSTRACT
In the context of the challenges posed by personalization and effectiveness in college English 
teaching, the deep integration of intelligent educational technology and mobile learning has 
become a key solution. This paper aims to explore how advanced algorithms can be applied to 
mobile interactive applications to create an intelligent and immersive college English teaching 
environment. The study first designs an “Artificial intelligence (AI)-immersive task-based dia-
logue laboratory” as the core application scenario, where students engage in language learn-
ing by completing communication tasks in highly realistic virtual environments. To achieve 
natural interaction and precise feedback, this paper focuses on the development of two core 
technologies: First, a new continuous speech control method is proposed, optimizing matching 
efficiency and robustness through windowing limitations and weighting strategies, ensuring 
accurate understanding of students’ natural spoken commands and smooth scene naviga-
tion. Second, a pronunciation quality evaluation system is constructed by integrating multiple 
speech features and adopting a multi-task learning framework, allowing for real-time, fine-
grained diagnostics and feedback on pronunciation at the phoneme, word, and sentence 
levels. The study ultimately demonstrates that technology integration driven by educational 
scenarios can significantly enhance the interactive experience and teaching efficiency in col-
lege English learning, providing a practical solution for intelligent foreign language teaching.

KEYWORDS
intelligent educational technology, mobile interactive applications, college English teaching, 
continuous speech control, pronunciation quality evaluation, immersive learning

1	 INTRODUCTION

With the rapid development of mobile internet [1, 2] and artificial intelligence 
(AI) technology [3–5], the education field is undergoing a profound intelligent 
transformation. In college English teaching [6, 7], the traditional “teacher-centered, 
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textbook-centered, classroom-centered” model is increasingly showing its limitations 
and struggling to meet the students’ needs for personalized, interactive, and practical 
learning. Mobile interactive applications [8, 9], with their ubiquity, convenience, and 
interactivity, offer a new path to solve this problem. However, most current edu-
cational applications are still at the initial stages of content digitalization [10] and 
exercise gamification [11], failing to fully tap into the potential of intelligent technol-
ogies, especially in the core area of oral communication skills training [12], and lack-
ing advanced solutions that deeply integrate context and provide precise intelligent 
feedback. Against this backdrop, how to systematically integrate advanced intelligent 
educational technologies [13], especially continuous speech recognition and pro-
nunciation quality evaluation algorithms, into mobile applications to build a highly 
immersive, instant feedback, and personalized college English learning environment 
has become an important issue that urgently needs to be explored and researched.

Although both academia and industry have long focused on the application of 
technology in foreign language teaching, existing research methods and solutions 
still have obvious flaws. For example, in the field of speech evaluation, most stud-
ies focus on isolated aspects, such as the system developed in [14], which only 
scores intonation, while the model in [15] mainly focuses on fluency. This “treating 
each problem individually” research paradigm leads to a limited evaluation 
dimension, making it difficult to provide comprehensive and holistic diagnostics 
of learners’ oral performance. In speech control, many applications adopt static 
template matching [16] or simple keyword retrieval [17] methods, which appear 
rigid and fragile when processing natural, continuous dialogue and are unable to 
understand complex semantic intentions, severely limiting the naturalness and 
depth of human-computer interaction. In conclusion, existing technological solu-
tions generally suffer from fragmented functionality, isolated scenes, and shallow 
feedback, failing to form an integrated whole of “intelligent dialogue interaction” 
and “multi-dimensional pronunciation diagnosis,” making it difficult to support a 
complete and efficient immersive language learning environment.

To address the above deficiencies, this paper aims to research and construct an 
intelligent solution integrated into mobile applications, serving college English teach-
ing. The main content of this research includes two core parts: First, application scenario 
description, namely designing and explaining an “AI-immersive task-based dialogue 
laboratory” teaching scenario, where students drive language learning by completing 
specific tasks in a highly realistic virtual context; second, key technology implementa-
tion, focusing on the two technical pillars supporting this scenario—an improved con-
tinuous speech control method to ensure natural and smooth dialogue interaction, and a 
pronunciation quality evaluation method to provide multi-layered, multi-dimensional 
feedback on phonemes, words, and sentences. The core value of this research lies in 
the fact that it is not a simple stacking of technologies but a deep practice of “scene-
driven technology integration” guided by educational needs. By organically embedding 
advanced algorithms into carefully designed teaching contexts, this research provides 
a specific path that combines innovation, feasibility, and efficiency for the paradigm 
shift in college English teaching from “knowledge transmission” to “ability cultivation” 
and from “one-size-fits-all” to “personalized teaching.”

2	 APPLICATION SCENARIO DESCRIPTION

The “AI-immersive task-based dialogue laboratory” core application scenario 
proposed in this paper aims to address long-standing issues in college English 
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teaching, such as “mute English,” lack of real-world context, and insufficient per-
sonalized feedback. This scenario simulates highly realistic cross-cultural commu-
nication contexts, such as check-in at an international airport, academic conference 
inquiries, or hotel check-in complaints. During the learning process, students are 
no longer engaged in isolated word repetition or sentence pattern practice; instead, 
as active participants, they must use continuous, natural spoken output to engage 
in complete, logical conversations with AI virtual characters to complete tasks. For 
example, in the “restaurant” scenario, students need to interact using natural sen-
tences such as “I’m allergic to dairy, could you recommend a dish without cheese?” 
to handle everything from greeting to ordering, to dealing with sudden situations 
such as “food allergies.” This design closely relies on the theories of situational learn-
ing and task-based teaching, anchoring language learning in concrete, meaningful 
tasks, thereby stimulating students’ intrinsic motivation to learn and promoting the 
transformation of inert knowledge into transferable communicative skills.

To achieve the educational objectives mentioned above, this scenario deeply 
integrates continuous speech control and pronunciation quality assessment, link-
ing them into a synergistic feedback organic whole. Continuous speech control 
technology serves as the engine driving the dialogue. It is based on an advanced 
end-to-end speech recognition model and natural language understanding module, 
which in real time analyzes the semantic intentions and contextual coherence of 
students’ speech, ensuring that the AI character can provide appropriate responses, 
thus assessing students’ comprehensive oral expression abilities. Meanwhile, the 
pronunciation quality assessment technology plays the role of an intelligent coach, 
utilizing deep neural network models to precisely analyze the phonemes, prosody, 
stress, and intonation of students’ speech at the millisecond level. The deep integra-
tion of these two technologies is reflected in the system’s ability to not only assess 
whether the conversation is “successful” but also diagnose its “quality.” For exam-
ple, if a student mispronounces “vegetarian” as /vɛdʒəˈtɛriən/, causing confusion for 
the AI character, the system will generate a comprehensive report after the conver-
sation ends, clearly pointing out the pronunciation error and its potential impact 
on communication, and automatically push targeted minimal pair practice. This 
“intention-quality” dual-track evaluation mechanism perfectly reflects constructivist 
and mastery learning theories, providing students with multidimensional formative 
assessments beyond simple “correct/incorrect” judgments.

3	 METHOD IMPLEMENTATION

3.1	 Continuous speech control method

In the AI-immersive task-based dialogue laboratory constructed in this 
paper, the implementation of continuous speech control relies first on the pre-
cise “interpretation” of the raw speech signal. For this, continuous speech sig-
nal feature extraction is first performed, specifically extracting Mel-Frequency 
Cepstral Coefficient (MFCC) features. The human ear, as a nonlinear filter bank, 
is more sensitive to low-frequency sounds while being relatively less sensitive to 
high-frequency noise. MFCC replicates this mechanism perfectly by mapping the 
linear frequency spectrum to the Mel scale and applying a triangular bandpass fil-
ter bank. Specifically, in the complex acoustic environment of the dialogue labo-
ratory, the continuous speech signal a(v) entered by the student through a mobile 
device, after pre-emphasis compensation for high-frequency attenuation, is mapped 
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to the Mel frequency. Specifically, the frequency d of the continuous speech signal 
spectrum is first mapped to the Mel coordinate system:
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Where J is the total number of triangular bandpass filters. Finally, the MFCC of the 
continuous speech signal is obtained based on the following formula:
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Where M represents the order of the MFCC. The above operations are not per-
formed with average effort but are strategically focused on the low-frequency region 
from 500Hz to 2000Hz, which carries the semantic key, while naturally suppressing 
high-frequency noise interference. This enables the subsequent speech recognition 
engine to obtain a “purified” and “highlighted” feature representation, allowing for 
more accurate understanding of the speech content and intention when students 
perform tasks such as “check-in” or “ordering food.”

College English learners’ speech generally exhibits “non-standard” characteristics, 
such as inaccurate pronunciation and unstable rhythm, which can be seen as noise 
and outliers from an algorithmic perspective. Traditional dynamic time warping algo-
rithms treat all feature points equally, making it easy to misalign the entire sentence 
sequence due to severe distortion of individual phonemes, which leads to misjudging 
the semantic intention, such as confusing the mispronounced “ship” with “sheep,” thus 
disrupting the dialogue logic. To improve the system’s fault tolerance and robustness 
in educational scenarios, this paper adopts a weighted dynamic time warping strat-
egy for improvement. The core principle of this strategy is to introduce a weight factor 
when calculating the distance between sequences, assigning different levels of impor-
tance to different frames or dimensions in the MFCC feature sequence. Specifically, 
the system can allocate weights based on the following strategy: 1) Assigning higher 
weight to vowel segments and stable sound segments that carry key semantic infor-
mation to ensure the alignment accuracy of the sentence backbone; 2) Assigning 
lower weight to anomalous feature dimensions with large variance, introduced by 
the individual learner’s pronunciation habits, in order to reduce their interference. 
Specifically, assuming the distance between the g-th feature point in the improved 
bu(v) and the h-th feature point in the bk(l) is represented by fμ(g, h), the weight factor is 
represented by μ(g, h), and the distance between the g-th feature point in the unmod-
ified bu(v) and the h-th feature point in the bk(l) is represented by f[bu,g(v), bk,h(l)], the 
distance function expression of the improved dynamic time warping algorithm is:

	 fm(g, h) = m(g, h) ⋅ f[bu,g(v), bk,h(l)]	 (4)

Through this weighting mechanism, the system can “intelligently” ignore unim-
portant and variable details in the learner’s pronunciation while firmly grasping 
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the key parts that determine semantic understanding, thereby accurately under-
standing the student’s instructions in the task even when the pronunciation is 
not perfect, achieving the transformation from a “strict pronunciation evaluator” 
to a “sympathetic dialogue partner.” This is the essence of educational technology 
enabling a personalized, supportive learning environment.

In the AI-immersive task-based dialogue laboratory, the ultimate goal of contin-
uous speech control is to accurately understand the student’s oral instructions and 
map them to specific teaching interaction behaviors. The core of this process is to 
match the student’s speech sequence b(v), which has been optimized through MFCC 
feature extraction, with a series of preset speech instruction templates bk(l) that rep-
resent different communicative functions. These templates are not simple mechan-
ical commands like “go forward,” “stop,” but encapsulate typical expressions with 
specific pragmatic intentions, such as “making a request,” “apologizing,” “inquiring 
for information,” or “arguing,” among other diversified templates. To achieve effi-
cient and accurate matching, the system first divides the long speech sequence b(v) 
into T sub-sequences based on semantic boundaries, then applies the improved 
dynamic time warping algorithm to calculate the weighted accumulated distance 
Fk between each pair of sub-sequences bt(v) and b l

t

k ( ). Assuming that the Euclidean 
distance between bt,g(v) and b l

t h

k
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Further through the formulation of recognition rules based on the minimum 
accumulated distance, the system can determine the best matching template from K 
candidate templates, thereby completing the transformation from the student’s con-
tinuous, variable, and possibly non-standard pronunciation acoustic signal to highly 
structured teaching semantic instructions. Specifically, let the recognition threshold 
be represented by F̂, the specific expression of the recognition rule is as follows:
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The successful recognition of continuous speech instructions directly triggers 
the intelligent control feedback loop in the laboratory scene’s teaching process. The 
“control” here refers to the advancement of the virtual dialogue context, the genera-
tion of teaching feedback, and the guidance of the learning path. Once the student’s 
speech command is recognized, the system immediately transmits this instruction 
to the two core “executive agencies,” the scene engine and the dialogue manager. 
The scene engine is responsible for updating the virtual environment’s state 
based on the instruction, and more importantly, the dialogue manager generates 
multi-dimensional formative teaching feedback based on the results of this speech 
recognition. If the student uses a very authentic expression with clear pronuncia-
tion, the system will give positive affirmation through the virtual character. If the 
matching confidence is low or the recognized intention does not match the context, 
the system will trigger a “clarification request” from the virtual character, guiding 
the student to express themselves in a different way. This adaptive interaction based 
on recognition results constitutes a powerful teaching control loop, which not only 
executes the commands but also evaluates and promotes the student’s language use 
ability through the process of executing the commands.
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3.2	 Pronunciation quality evaluation method

In the AI-immersive task-based dialogue laboratory constructed in this paper, 
the core goal of pronunciation quality evaluation goes beyond traditional single- 
dimensional scoring. It aims to conduct a multi-dimensional, in-depth “teaching diag-
nosis” of students’ oral output. Traditional models focus only on aspects like intonation 
and fluency, akin to checking only a single health indicator without giving a compre-
hensive health report. This paper chooses to introduce the glottalization of phoneme 
and tone (GOPT) model, i.e., adopting a multi-task learning framework to jointly model 
and evaluate the three levels of phonemes, vocabulary, and sentences in speech.

Specifically, the model uses glottalization of phoneme (GOP) features to accurately 
locate the pronunciation accuracy of each phoneme, which is the micro founda-
tion for evaluation. At the word level, it can assess whether the stress pattern of 
multi-syllable words is correct. At the sentence level, it performs a comprehen-
sive analysis of the overall prosody, rhythm, and intonation. The GOP features 
are obtained from the log of phoneme posterior ratios and the log posterior ratio. 
Assuming the standard phoneme is represented by o, the input observation is repre-
sented by p, and the start and end frame indices are represented by st and sr, the log 
phoneme posterior ratio calculation formula is as follows:
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The log posterior ratio calculation formula is as follows:

	 eDS(ok, ou) = ln o(ok|p; st, sr) − ln o(ou|p; st, sr)	 (8)

The GOP feature expression is as follows:

	 [eDSYS(o1) … eDSYS(oM), rDS(o1|ou) … eDS(oM|ou)]T	 (9)

The innovation of this design lies in that it completes a comprehensive analysis 
from “local correctness” to “global expressiveness” through a unified Transformer 
model. For example, when a student says, “I’m very interested in this opportunity” 
in the dialogue, the GOPT model not only diagnoses the phoneme-level issue of the 
/v/ sound in “very,” but also assesses whether the stress of “opportunity” falls on the 
second syllable rather than the first, and finally evaluates whether the overall into-
nation when expressing “interest” is enthusiastic and natural at the sentence level.

College English learners come from different dialect areas, and their pronunci-
ation errors vary greatly, changing continuously throughout the learning process. 
This requires the evaluation model to possess strong generalization ability and a 
certain level of interpretability to provide genuinely valuable feedback for teaching. 
To this end, this paper introduces the Squeezeformer model. Squeezeformer can 
dynamically adjust the constraint strength during the training process, effectively 
preventing overfitting, enabling the model not only to perform well on standard, 
clear speech data but also to accurately evaluate “real learner speech” with vari-
ous accents, interruptions, or non-standard pronunciation, thus ensuring stability 
and reliability in frontline teaching. At the same time, Squeezeformer retains and 
optimizes the self-attention mechanism, which allows the model to clearly “inform” 
the system of the specific phonemes or word fragments it focused on when eval-
uating a sentence’s pronunciation. For example, when the system points out that 
the student’s pronunciation of the word “opportunity” is poor, teachers or students 
themselves can analyze the feedback report by visualizing the attention weights and 
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discovering that the model mainly made the judgment based on the unclear pronun-
ciation of the stressed syllable “tu” in that word. This interpretability of the prediction 
results transforms pronunciation evaluation from an abstract score-giving “black 
box” to a “transparent coach” that can pinpoint the specific issues, greatly enhancing 
the teaching value and credibility of the feedback, allowing students to know the 
reason behind the issue and make targeted improvements.

In the AI-immersive task-based dialogue laboratory constructed in this paper, 
the core of pronunciation quality evaluation is to build a multi-dimensional percep-
tual system capable of comprehensively and accurately diagnosing students’ oral 
problems. Its basic principle begins with the deep fusion of multi-source heteroge-
neous features. The system does not rely on a single type of information but instead 
cooperates to utilize the advantages of three features: the GOP features based on the 
acoustic model accurately depict the phoneme-level pronunciation accuracy, provid-
ing a solid acoustic foundation for evaluation while the deep features extracted from 
self-supervised pre-trained models such as HuBERT and WavLM contain rich pros-
ody, rhythm, and broader acoustic context information. By concatenating and fus-
ing these three features with specific weights, the system obtains an 86-dimensional 
enhanced feature vector that can both anchor micro-phoneme errors and perceive 
macro-prosody characteristics. Subsequently, this feature is input into the improved 
Squeezeformer-MR encoder along with the standard phoneme embedding and posi-
tion encoding. This model, through the combination of its self-attention mechanism 
and convolutional structure, can simultaneously capture long-range global dependen-
cies and short-range local patterns in the speech sequence, thus enabling hierarchical 
joint modeling from phonemes to words, to sentences. Figure 1 shows the structure of 
the Squeezeformer-MR. The specific process expression of this structure is as follows:

	 R = (RGOP, uRHuBERT, kEWavLM)	 (10)

	 R′ = BN(Dense(R))	 (11)

Fig. 1. Squeezeformer-MR structure
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The ultimate goal of this evaluation system is to transform its powerful analytical 
capabilities into a real driving force for promoting the teaching process. Its principle 
reflects a teaching adaptability design integrating multi-task learning and efficient 
architecture. In terms of output, the model, through the five pre-trained [cls] tokens, 
concurrently performs multiple evaluation tasks: these tokens, after being processed 
by the Squeezeformer-MR encoder, output to different regression heads correspond-
ing to five key teaching indicators, such as fluency, prosody, stress, completeness, 
and overall intelligibility. This multi-task architecture means that the system can 
complete a comprehensive “check-up” of the learner’s pronunciation in one for-
ward propagation, rather than calculating each indicator sequentially, which pro-
vides algorithmic support for achieving real-time feedback with low latency on 
mobile devices. Squeezeformer-MR itself, by reducing the number of parameters 
and introducing residual links and normalization, ensures the model’s efficient and 
stable operation on mobile devices, meeting the stringent real-time requirements of 
immersive dialogues.

Fig. 2. Pronunciation quality evaluation model framework

Finally, after the dialogue task is completed, the system can immediately generate 
a structured diagnostic report, not only providing a score but also clearly pointing 
out the direct causes of the diagnostic results and directly linking to targeted 
practice modules. This fully reflects, from the perspective of educational technol-
ogy, the seamless integration of assessment, diagnosis, and teaching intervention 
through advanced algorithms, ultimately realizing the core purpose of person-
alized, mastery-based learning. Figure 2 presents the overall framework of the 
pronunciation quality evaluation model.

4	 EXPERIMENTAL RESULTS AND ANALYSIS

To validate the reliability of continuous speech control as the core system 
driver, we compared the recognition performance of different models. As shown 
in Table 1, in the ideal quiet laboratory environment, the end-to-end Transformer 
model performs best in terms of word error rate, but its sentence error rate is still 
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higher than the improved dynamic time warping (DTW) method proposed in this 
paper, and its average response time far exceeds that of the proposed method, 
making it difficult to meet the low-latency requirements for real-time dialogue. 
In a noisy classroom environment, which is closer to real teaching scenarios, the 
advantage of the proposed method becomes more evident: its word error rate and 
sentence error rate are significantly lower than the traditional DTW algorithm, 
while compared to the computationally intensive Transformer model, the word 
error rate (WER) and sentence error rate (SER) are reduced by 22.4% and 23.3%, 
respectively, and the response time is controlled at a very low level of 305 ms. 
This result fully demonstrates that the improved DTW algorithm proposed in 
this paper, by achieving an excellent balance between computational efficiency 
and noise robustness, provides a continuous speech recognition solution that is 
responsive and highly resistant to interference, ensuring the smoothness and nat-
uralness of human-computer teaching dialogue in the “AI-Immersive Task-based 
Dialogue Laboratory.”

Table 1. Comparison of continuous speech recognition accuracy

Model/Method Test Environment Word Error 
Rate (WER)

Sentence Error 
Rate (SER)

Average Response  
Time (ms)

Traditional 
DTW Algorithm

Quiet Laboratory 18.5% 35.2% 320

Noisy Classroom 35.8% 62.1% 350

End-to-End 
Transformer Model

Quiet Laboratory 12.1% 28.5% 580

Noisy Classroom 25.4% 50.3% 610

Proposed Method Quiet Laboratory 14.3% 25.8% 280

Noisy Classroom 19.7% 38.6% 305

To confirm that the pronunciation evaluation system proposed in this paper 
provides more accurate and comprehensive feedback compared to traditional 
methods, we performed a multi-dimensional comparison with mainstream base-
line models. The data in Table 2 clearly show that the proposed GOPT model leads 
in almost all core metrics. Its Pearson correlation with expert ratings reaches 0.89, 
far higher than the baseline model, and its RMSE is as low as 0.98, which proves 
that the GOPT model’s scoring has a high consistency with human expert judg-
ment, making it highly reliable. More importantly, in specific diagnostic tasks, the 
GOPT model significantly outperforms in terms of phoneme, word-level stress, and 
sentence-level fluency recognition accuracy, especially in sentence-level fluency, 
where it improved by nearly 20 percentage points compared to the powerful DNN 
baseline. This strongly demonstrates the effectiveness of multi-feature fusion and 
multi-task joint modeling, enabling the model to collaboratively understand all 
information from micro-phonemes to macro-prosody. Although the inference 
time of GOPT is slightly higher than that of the simplest model, 42ms is fully suffi-
cient to meet the real-time feedback requirement. In conclusion, this experimen-
tal result strongly supports the core value of this research: the GOPT model can 
serve as a “real-time coach,” providing learners with pronunciation quality eval-
uation feedback that is highly accurate, multi-dimensional, and practically useful 
in teaching.
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Table 2. Comparison of pronunciation quality evaluation model performance

Evaluation Model
Pearson 

Correlation with 
Expert Rating

Prediction  
Error

Phoneme-Level  
Error Recognition  

Accuracy

Word-Level 
Stress Error 

Recognition Accuracy

Sentence-Level 
Fluency Rating  

Accuracy

Model 
Inference  
Time (ms)

Baseline Model: GOP + 
Logistic Regression

0.65 1.85 70.2% 58.5% 55.1% <10

GOP + DNN 0.72 1.52 75.8% 65.3% 63.7% 35

Proposed Model: GOPT 
(Squeezeformer-MR)

0.89 0.98 84.5% 78.9% 82.4% 42

Fig. 3. Performance evaluation of pronunciation error acceptance rate and rejection rate

To verify the reliability and applicability of the pronunciation quality evaluation 
system built in this paper as a “real-time coach,” we conducted a rigorous perfor-
mance evaluation of its core discrimination model. The ROC curve data in Figure 3 
reveal the system’s precise trade-off ability when discriminating between “correct 
pronunciation” and “incorrect pronunciation.” Specifically, when the pronuncia-
tion error acceptance rate rises from 0% to 80%, the pronunciation error rejection 
rate steadily drops from 90% to 42%. This set of data clearly illustrates the adjust-
able range of system performance: if the system is set to be extremely strict, it can 
ensure that all errors are captured, but it will misjudge many correct pronuncia-
tions, which may overly undermine the student’s confidence; on the other hand, 
if the system is set too leniently, it may maximize student encouragement but miss 
most errors, rendering feedback meaningless. For teaching applications, the key is 
to select a balanced point. For instance, with a false acceptance rate (FAR) of around 
30%, the system can effectively capture most pronunciation errors without overly 
suppressing the student’s desire to express themselves due to excessive strictness. 
This adjustable, high-performance discrimination characteristic fundamentally 
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ensures the scientific and pedagogical soundness of the feedback mechanism in the 
“AI-Immersive Task-based Dialogue Laboratory,” allowing it to flexibly adjust feed-
back strategies based on different teaching stages or student levels, truly becoming 
an intelligent, supportive “coach.”

Fig. 4. Comparison of pronunciation accuracy (DA) under different alignment methods

To demonstrate the advancement of the Squeezeformer-MR model used in this 
paper for pronunciation evaluation tasks, we compared it with the traditional GOP 
posterior probability alignment method. The data in Figure 4 strongly confirm that, 
under different decision thresholds, the proposed Squeezeformer-MR alignment 
method consistently outperforms the traditional baseline method in terms of pro-
nunciation accuracy. The experimental data show that at all tested threshold points, 
the DA value of Squeezeformer-MR is higher than that of the GOP posterior proba-
bility alignment, especially at a threshold of 0.4, where the former’s decision accu-
racy (DA) is 56%, while the latter’s is only 49%, showing a significant advantage 
of seven percentage points. This advantage is not coincidental; it arises from the 
powerful contextual modeling ability of the Squeezeformer-MR model, which, when 
judging a single phoneme pronunciation, can fully utilize word- and sentence-level 
contextual information, thus making more precise and human-like judgments than 
the GOP method, which only relies on local acoustic posterior probabilities. More 
importantly, the DA curve of Squeezeformer-MR drops more gently, indicating that 
its performance is more robust to changes in decision thresholds. This stability is 
crucial for teaching applications aimed at a large number of non-standard pronun-
ciation learners, meaning that the system can provide consistent, reliable evaluation 
services without the need for complex parameter tuning for different accents, sig-
nificantly enhancing the system’s universality and practical value in large-scale uni-
versity English teaching. This is the core competitive advantage of the technological 
solution proposed in this study.
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Table 3. Analysis of learner pronunciation progress trajectory

Learner Group Evaluation Dimension Pre-Test  
(Week 1)

Mid-Test  
(Week 4)

Post-Test  
(Week 8)

Progress 
(Percentage Points)

High-level 
Group (n = 10)

Overall 
Pronunciation Score

82.5 85.1 87.2 +4.7

Vowel Accuracy 90.3 91.5 92.8 +2.5

Consonant Accuracy 88.1 89.0 89.9 +1.8

Word-level 
Stress Accuracy

80.5 83.2 86.0 +5.5

Sentence-level Fluency 78.2 82.5 85.1 +6.9

Average Weekly 
Practice Frequency

4.2 3.8 3.5 −0.7

Mid-level 
Group (n = 15)

Overall 
Pronunciation Score

65.3 72.8 78.9 +13.6

Vowel Accuracy 72.5 78.1 82.0 +9.5

Consonant Accuracy 70.1 75.3 80.5 +10.4

Word-level 
Stress Accuracy

58.9 68.5 76.2 +17.3

Sentence-level Fluency 55.7 66.0 74.8 +19.1

Average Weekly 
Practice Frequency

3.5 4.1 4.3 +0.8

Low-level 
Group (n = 15)

Overall 
Pronunciation Score

48.7 60.1 70.5 +21.8

Vowel Accuracy 55.2 65.8 74.3 +19.1

Consonant Accuracy 52.1 62.5 72.1 +20.0

Word-level 
Stress Accuracy

40.5 53.2 65.7 +25.2

Sentence-level Fluency 38.9 52.0 64.9 +26.0

Average Weekly 
Practice Frequency

2.8 3.9 4.5 +1.7

To explore the long-term teaching effectiveness of the system for learners of 
different proficiency levels, we tracked their pronunciation progress. The data in 
Table 3 clearly reveal a key conclusion: learners at all levels made significant prog-
ress, with the lowest-level group showing the greatest improvement. The overall 
pronunciation score of the low-level group increased by 21.8 percentage points, 
far surpassing both the mid-level and high-level groups. In specific dimensions, 
the most notable progress across all groups was observed in word-level stress and 
sentence-level fluency, which highlights the system’s emphasis on suprasegmental 
features and feedback in immersive task-based dialogue. Furthermore, the posi-
tive correlation between behavioral data and progress is compelling: the low-level 
group’s motivation was greatly stimulated after receiving positive feedback, lead-
ing to an increase in the average weekly practice frequency from 2.8 to 4.5 times, 
whereas the high-level group, due to a stronger foundation, naturally experi-
enced a decrease in practice frequency. This strongly indicates that the system, 
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by providing precise and positive feedback, is particularly effective in stimulat-
ing the learning motivation of students with weaker foundations and helping 
them make breakthroughs in core challenges of foreign language learning. This 
result robustly supports the core value of this research, namely that the mobile 
interactive application developed can achieve truly personalized, mastery-based 
learning and serves as an efficient and equitable intelligent solution for university 
English teaching.

5	 CONCLUSION

This research systematically explored the innovative application of intelligent 
educational technology in university English teaching, with the core contribution 
being the development and validation of a mobile interactive solution that inte-
grates the “AI-Immersive Task-based Dialogue Laboratory” scenario, improved 
continuous speech control, and multi-dimensional pronunciation quality assess-
ment. The research results indicate that, through the improved DTW algorithm, the 
system achieves continuous speech recognition with a WER below 20% and an SER 
below 39% in real classroom noise environments, ensuring the natural and smooth 
flow of human-computer teaching dialogue. Meanwhile, the GOPT model based 
on multi-feature fusion and the Squeezeformer-MR architecture achieves a high 
Pearson correlation of 0.89 with expert ratings in pronunciation evaluation tasks and 
provides accurate diagnostics at the phoneme, word-level stress, and sentence-level 
fluency. The teaching experiment data further confirm that this application signifi-
cantly improves students’ speaking abilities, particularly for mid- and low-level 
learners, with overall pronunciation score improvements ranging from 13.6% to 
21.8%, and effectively stimulates students’ intrinsic learning motivation. The main 
value of this research lies in its successful transformation of cutting-edge algorithms 
into practical teaching productivity, demonstrating that the “scenario-driven tech-
nology integration” paradigm can build an intelligent learning environment that 
combines technological robustness, teaching effectiveness, and user-friendly expe-
rience, offering a clear and feasible path to address the challenges of university 
English speaking instruction.

However, this study still has certain limitations. First, the system’s performance 
optimization and experiments were mainly conducted in predefined specific task 
scenarios, and there are still shortcomings in supporting and assessing open and 
creative spoken expressions. Second, while the research sample is somewhat rep-
resentative, there is still room for expansion in both scale and diversity to further 
validate the system’s universality. Furthermore, the current system primarily 
focuses on students’ “learning” and has not fully explored how to transform the rich 
learning data into insights to assist teachers in classroom management and teach-
ing decision-making. Based on this, future research directions should include: first, 
expanding the openness and complexity of tasks, introducing higher-level dialogue 
scenarios such as debates and speeches, and developing corresponding evalua-
tion algorithms; second, deepening the personalized adaptive mechanism so that 
the system can dynamically adjust task difficulty and feedback strategies based on 
learners’ real-time performance, achieving truly “differentiated instruction”; third, 
constructing a teacher dashboard to visualize student data and empower teachers 
to make precise instructional interventions. Through continuous iteration, this 
research paradigm is expected to become an indispensable core component of 
future intelligent foreign language teaching ecosystems.
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