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PAPER

Design of a Mobile AR-Based English  
Contextual Teaching System and Cognitive  
Analysis of Interactive Behavior

ABSTRACT
With the proliferation of mobile smart terminals and the maturation of augmented reality (AR) 
technology, the field of education has been undergoing a transformation toward immersive 
and contextualized learning. In contrast, conventional English instruction remains constrained 
by static textbooks and abstract explanations, which have proven inadequate for constructing 
authentic language application scenarios. To address this gap, mobile AR-based English con-
textual teaching has emerged as a promising solution by converting linguistic knowledge into 
perceptible virtual contexts through the integration of real and virtual techniques. Despite 
its potential, existing studies reveal significant limitations. A number of investigations have 
focused solely on resource development without a comprehensive system architecture, while 
others have incorporated interaction analysis but lacked a foundation in cognitive theory. 
Moreover, assessment methods have primarily relied on simplistic feedback mechanisms, 
with limited incorporation of dynamic data tracking. To overcome these challenges, a mobile 
AR-based English contextual teaching system was designed, accompanied by an in-depth cog-
nitive analysis of group interactive behavior. A hybrid context generation framework was 
constructed, functional modules for a mobile application were developed, and the mecha-
nisms through which group interaction influences language cognition were examined. This 
study provides a systematic approach for the deep integration of technology and English edu-
cation and offers a theoretical basis for optimizing contextual teaching strategies.

KEYWORDS
augmented reality, mobile English instruction, contextual teaching system, interactive 
behavior, cognitive analysis

1	 INTRODUCTION

With the widespread adoption of mobile smart terminals [1–4] and the progres-
sive maturation of AR technology [5–7], the educational domain has been undergoing 
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a paradigm shift from conventional classroom-based instruction to immersive, con-
textualized learning environments. As a global lingua franca [8, 9], English plays 
a critical role in facilitating cross-cultural communication, and its instructional 
effectiveness directly impacts learners’ communicative competence. However, 
traditional teaching models—characterized by static textbooks and abstract gram-
matical explanations—have increasingly struggled to construct authentic language 
application scenarios [10, 11]. As for mobile AR-based English contextual teaching, 
through the integration of real and virtual techniques, abstract linguistic knowledge 
can be transformed into perceptible virtual contexts, enabling learners to engage 
in immersive language practice within mobile learning environments. This deep 
integration of technology and instruction is regarded as a critical pathway toward 
resolving persistent issues in English language education.

Nevertheless, current research exhibits several methodological limitations. Some 
studies [12, 13] have focused exclusively on the development of AR-based instruc-
tional resources while lacking a systematic design of overall teaching system archi-
tecture. This disjunction has often resulted in a mismatch between technological 
application and pedagogical objectives. Other investigations [14, 15], though involv-
ing interactive behavior analysis, have relied solely on simple behavioral data statis-
tics, without incorporating cognitive psychology theories to elucidate the underlying 
mechanisms of learner behavior. Furthermore, studies addressing system evalua-
tion [16, 17] have typically employed basic questionnaire-based feedback, without 
implementing longitudinal tracking or quantitative analysis of dynamic behavioral 
data during group interactions, thereby hindering the validation of the system’s 
actual instructional effectiveness.

The study presented in this study comprises two principal components. First, the 
design of a mobile AR-based English contextual teaching system was undertaken. 
This includes the construction of a hybrid context generation framework integrat-
ing virtual and physical elements, the development of mobile application modules 
capable of supporting multi-scenario transitions, and the design of interaction logic 
aligned with the principles of language acquisition. Second, a cognitive analysis of 
interactive behavior under group-based mobile English contextual teaching was 
conducted. Learner data—such as collaborative dialogues and task completion 
paths within virtual contexts—were collected. Drawing upon cognitive load theory 
and social constructivism, the influence mechanisms of group interaction patterns 
on language input, internalization, and output processes were examined. The value 
of this study lies in its dual contribution. On the one hand, it offers a practical and 
implementable system framework for the deep integration of AR technology and 
English instruction. On the other hand, by uncovering the correlation between inter-
active behavior and cognitive development, it provides a theoretical foundation for 
optimizing contextual teaching strategies. This work is expected to advance the role 
of technology in foreign language education, shifting the emphasis from mere tool 
application toward the exploration of cognitive learning principles.

2	 DESIGN OF THE MOBILE AR-BASED ENGLISH CONTEXTUAL 
TEACHING SYSTEM

The design of the mobile AR-based English contextual teaching system was guided 
by the primary objective of constructing a system architecture capable of supporting 
dynamic interaction across multi-scale subgroups. This structure was developed to 
precisely accommodate the interaction needs of learners at varying subgroup levels. 
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Learner groups were categorized into three distinct scales: micro-level (2–3 learners  
for collaborative tasks), meso-level (5–8 learners for thematic discussions), and 
macro-level (entire class). A hybrid contextual foundation was constructed using 
AR technology. For micro-level subgroups, role-playing dialogue exercises were 
conducted within virtual environments, with real-time positioning technologies 
employed to capture participants’ gestures and voice interaction data. For meso-level 
subgroups, virtual tasks were facilitated through the generation of shared virtual 
whiteboards, enabling the visualization and negotiation of ideas. At the macro level, 
virtual classroom scenarios were constructed to support instructor-led group inquiry 
and collective presentation of learning outcomes. A layered architecture was adopted 
to enable concurrent interaction across subgroup scales while simultaneously  
providing multidimensional data inputs for subsequent cognitive analysis of 
interactive behavior.

Additionally, the system was designed to dynamically adapt to the interactional 
characteristics of different subgroup scales. This was achieved through modu-
lar functional components that enabled precise behavior capture and contextual 
responsiveness. At the functional level, a dynamic subgroup partitioning module 
was developed to support both automated and manual subgroup formation based on 
learners’ language proficiency, learning styles, and other attributes, with real-time 
group adjustments enabled. The interaction sensing module integrated AR-based 
image recognition, speech recognition, and sensor technologies to record multi-
scale data, including micro-level dialogue frequency, meso-level task coordination 
pathways, and macro-level variation in learner participation. A contextual genera-
tion module was further introduced to adjust virtual scene parameters in real time 
based on subgroup interaction dynamics. For example, when prolonged pauses in 
micro-level dialogue were detected, difficulty-matched virtual prompt cards were 
automatically introduced. Similarly, when a decline in meso-level task coordination 
efficiency was identified, a virtual guiding agent was deployed to mediate and facil-
itate collaboration.

3	 BEHAVIORAL COGNITION ANALYSIS OF GROUP INTERACTIVE 
RELATIONSHIPS IN MOBILE ENGLISH CONTEXTUAL TEACHING

3.1	 Overall framework

The proposed analytical framework for behavioral cognition analysis under 
group interactive relationships in mobile English contextual teaching was con-
structed around the interaction characteristics of multi-scale learner subgroups. 
The framework comprises four sequential steps. In Step 1, instructional scene 
video sequences and learner-specific bounding boxes were acquired through 
the AR system. Image features were extracted using the Inception-v3 network, while 
the RoIAlign algorithm was employed to obtain individual appearance features 
and behavioral features embedded within the virtual context. In Step 2, based on 
individual appearance and spatial positioning features within the virtual environ-
ment, subgroup classification was dynamically conducted using the subgroup par-
titioning module, which classified learners into micro-, meso-, or other subgroup 
levels. A relational adjacency matrix representing interactions among subgroups 
was then constructed through the subgroup interaction feature extraction module. 
Subsequently, graph convolutional networks (GCNs) were used to learn interaction 
features at the subgroup level. In Step 3, an individual-level relational graph was 
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constructed by assigning edge weights to linguistic interactions and collaborative 
behaviors observed within the virtual environment. GCNs were further employed 
to learn fine-grained interaction features at the micro-level between individual 
learners. In Step 4, interaction features at the subgroup and individual levels were 
integrated using element-wise matrix addition. Two classifiers were then applied 
to the fused features: one for individual behavior classification and the other for 
group behavior classification, enabling the multidimensional analysis of how mul-
tiscale subgroup interactions influence the learner’s language cognitive processes. 
The methodological framework is illustrated in Figure 1.

Fig. 1. Schematic diagram of the behavioral cognition analysis method for group interactive relationships 
in mobile English contextual teaching

3.2	 Subgroup interaction

Interactive behavior within mobile English contextual teaching is characterized 
by the complex, nested nature of multi-scale subgroups. The manifestation of group 
behavior is contingent upon the dialogic interactions of micro-level collaborative 
subgroups, the exchange of perspectives within meso-level discussion subgroups, 
and the collective feedback exhibited at the macro instructional group level. These 
dynamically interacting subgroups jointly constitute a comprehensive representa-
tion of group behavior. To capture this structure, a subgroup branch was incorpo-
rated into the cognitive analysis of group interactive behavior within mobile English 
contextual teaching. Specifically, the instructional group was subdivided using the 
subgroup partitioning module, allowing previously abstract group behaviors to be 
decomposed into observable behavioral dynamics of individual subgroups, provid-
ing a structured foundation for accurately identifying interaction features across 
different scales. To further address the challenge of quantifying the interaction rela-
tionships among multi-scale subgroups, the subgroup interaction feature extraction 
module was employed to construct relational adjacency matrices among sub-
groups, and GCNs were utilized to learn interaction features. Through this process, 
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latent relations—such as the intensity of influence and patterns of collaboration 
between subgroups—were transformed into computable feature vectors.

Fig. 2. Architecture of the subgroup partitioning module

The core principle of the subgroup partitioning module lies in the fusion of spa-
tial positioning information and semantic behavioral features, enabling accurate 
subgroup classification beyond the limitations of traditional methods that rely solely 
on spatial proximity. The detailed architecture is illustrated in Figure 2. Within the 
AR instructional environment, individual spatial positions were first defined by the 
center coordinates of their bounding boxes (aPOS,bPOS), which were then mapped into 
F-dimensional spatial features using a multilayer perceptron. Concurrently, appear-
ance features—such as body posture and operations within the virtual scenario—
were extracted to capture the semantic information of English-related interactive 
behavior. These two types of features were then integrated through element-wise 
addition to form a comprehensive individual feature representation. On this basis, 
pairwise cosine similarity was computed among individual features. The top j most 
similar individuals were grouped into the same subgroup, ensuring that the result-
ing subgroup classification reflected not only spatial proximity but also semantic 
relevance of individuals in instructional interaction such as language communica-
tion and task collaboration. For example, learners who frequently engage in English 
dialogue or cooperate on virtual instructional resources can be grouped into the 
same subgroups, thereby establishing a foundation for capturing subgroup interac-
tions with pedagogical significance. To accommodate the dynamic and multi-scale 
nature of interactive behavior in mobile English contextual teaching, the module 
was designed with real-time adaptability and hierarchical scalability. As individual 
behavior features are time-variant during instruction, dynamic subgroup classifi-
cation was performed based on inter-frame variations in feature representation, 
thereby maintaining alignment with real-time interactional states. Additionally, by 
adjusting the parameter j, subgroups of different scales—such as micro- and meso-
level groups—were constructed. An expanded selection strategy was adopted to 
refine the logic for identifying similar individuals, allowing subgroup sizes to flex-
ibly adapt to diverse instructional contexts such as impromptu discussions and 
group-based tasks.
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Fig. 3. Architecture of the subgroup interaction feature extraction module

The core principle of the subgroup interaction feature extraction module lies 
in the integration of spatial and semantic association features to construct a rela-
tional adjacency matrix across multi-scale subgroups, thereby enabling the precise 
capture of interaction patterns in mobile English contextual teaching. The detailed 
architecture is shown in Figure 3. Initially, a geometric matrix EXLh was constructed 
to extract interaction features based on spatial distances among subgroups within 
the AR environment. For instance, during English dialogue exercises conducted by 
micro-level subgroups (comprising 2–3 learners), closer spatial proximity was inter-
preted as indicating stronger linguistic interaction. Accordingly, the matrix assigned 
higher weights to subgroups with smaller positional distances. Simultaneously, a 
relational attention matrix was constructed to measure similarity in behavioral fea-
tures across subgroups. For example, when meso-level subgroups exhibited simi-
lar patterns in completing the same virtual English task, their semantic association 
was strengthened within the matrix. The combination of both formed a relational 
adjacency matrix that reflected both the spatial proximity and semantic alignment 
of instructional behaviors, providing a structured feature foundation for analyz-
ing multi-scale subgroup interaction models such as collaboration and competition 
during English language learning. Specifically, let the number of input feature chan-
nels be denoted by Zuv, and let spatial positional features be represented by DPOS. The 
representation of subgroup u in frame s is denoted by h

u

s. The geometric matrix is 
computed using the following expression:
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A higher value of EXLh indicates a smaller Euclidean distance between subgroups. 
Let the cosine distance function be denoted by d, and let the transformed Tanh func-
tion be represented by g. The relational attention matrix is computed as follows:
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Combining Equations (1) and (2), and letting β denote the learnable parameters, 
the final relational adjacency matrix is expressed as:

	 EXL = (1 - b ) EXLh + b EXLe	 (3)

To enhance the effectiveness of interaction features and improve the generaliza-
tion capability of the model, this module incorporated targeted sparsification and 
normalization strategies tailored to the complex and dynamic group interaction 
scenarios encountered in mobile English contextual teaching. To reduce interfer-
ence from irrelevant information, two sparsification strategies were employed. First, 
connections deemed unrelated to English instructional objectives were removed. 
Second, a subset of nodes was randomly dropped to simplify the graph structure, 
ensuring that attention was focused on meaningful interactive relationships. To 
address the limitations of conventional Softmax normalization—which fails to 
suppress the influence of weak connections—an improved normalization scheme 
was introduced to down-weight minor associations. For example, in macro-level 
groups, the influence of dominant subgroups on other subordinate subgroups was 
emphasized. These techniques ensured that the extracted interaction features more 
accurately reflected the dynamic cognitive processes associated with multi-scale 
subgroup engagement in English learning. Consequently, the resulting features pro-
vided a robust input foundation for subsequent analyses concerning how interac-
tion behavior affects cognitive dimensions such as language acquisition efficiency 
and the depth of knowledge internalization. Specifically, the procedure for the first 
strategy is formulated as follows:
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Assuming the diagonal normalization matrices are denoted by F
e
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2 and F
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normalization expression for the second strategy is defined as:
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Fig. 4. Subgroup interaction feature aggregation process
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Finally, subgroup interaction features were obtained through hierarchical fea-
ture aggregation based on two-layer GCNs, enabling progressive reasoning across 
multi-scale subgroup interaction relationships. This approach facilitated the precise 
representation of complex interactive behaviors within mobile English contextual 
teaching environments. The detailed aggregation process is illustrated in Figure 4. 
In the first GCN layer, relational reasoning was performed using the relational adja-
cency matrix as the core. The interactive properties of subgroups at different scales 
were specifically computed. For instance, in the case of a micro-level subgroup, 
when subgroup x and subgroup y engaged in role-playing dialogues within a virtual 
English context, the adjacency matrix between them was used as input. The features 
of subgroup y were passed into the GCN layer to compute the interaction features 
of subgroup x. Similarly, the transposed adjacency matrix was used to process the 
features of subgroup y to capture the reverse influence from y to x. Let δ (·) denote 
the ReLU activation function, C(m)∈RV × F represent the subgroup interaction features 
at the m-th layer, and C D h

h y

s( ) ( )0 =  denote the appearance features of subgroup y. 
The learnable weight matrix is denoted by Q(m)∈RF × F. The computation is defined as:

	 C(m+1) = δ (C(m)Q(m)EXL)	 (6)

3.3	 Individual branch

An individual branch was further introduced in this study because individual- 
level interactions serve as the micro-foundation of multi-scale subgroup dynamics. 
It also aims to capture the fine-grained characteristics of interactive behavior in 
mobile English contextual teaching from the most basic unit level. The combina-
tion of individual and subgroup branches thus forms a hierarchical “individual–
subgroup” analytical architecture that supports a comprehensive exploration of the 
relationship between group interactive behavior and cognitive processes. The con-
struction of the individual branch was based on the following principle: an individ-
ual relational graph UEH was constructed using a graph structure, in which each 
node represents an individual set characterized by both appearance features a

u

x and 
spatial position features a

u

t . Pairwise relationships among individuals were quan-
tified through the computation of UEHu,k, incorporating both appearance and 
spatial features. For example, within a micro-level subgroup engaged in English 
dialogue, the degree of influence exerted by individual i’s questioning behavior on 
individual k’s response could be determined by combining the similarity of their 
language-related features and their spatial proximity. This framework addressed 
the limitations of subgroup-only analyses, which often fail to capture subtle inter-
personal interactions. Furthermore, it enabled individual interaction features to 
support more accurate modeling of subgroup dynamics, reinforcing the hierarchi-
cal consistency of the system. Let g a a

x u

x

k

x( ),  represent the cosine similarity between 
individuals, and let g a a

t u

t

k

t( ),  represent the spatial relationship between individuals. 
Then, the expression is given as:
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3.4	 Training loss

In this study, cross-entropy losses were adopted as the loss functions, and the losses 
of individual behavior and group behavior were combined into a weighted sum. 
Specifically, for both tasks—individual behavior classification and group behavior 
classification—cross-entropy loss functions were independently employed for 
optimization. The cross-entropy losses effectively quantify the discrepancy between 
predicted and ground-truth labels in classification tasks and are well-suited to cap-
turing the fine-grained cognitive states at the individual level and classifying the 
dynamic multi-scale subgroup features at the group level. By integrating the two loss 
components into a unified, weighted formulation, end-to-end training was enabled 
to support collaborative optimization of both individual and group behavior recog-
nition. Let the cross-entropy loss functions be denoted by loss1 and loss2, respectively. 
Let bH and bU represent the ground-truth labels for group and individual behaviors, 
while b̂H and b̂U denote the corresponding predicted labels. The balancing coefficient 
between the two tasks is denoted by η. The final loss function is given by:

	 loss loss b b loss b bH H U U� �
1 2
( , ˆ ) ( , ˆ )� 	 (8)

4	 EXPERIMENTAL RESULTS AND ANALYSIS

Fig. 5. Sensitivity analysis of loss weight

Table 1. Accuracy comparison (%) across different datasets and methods

Method Individual 
Behavior Dataset

Subgroup 
Interaction Dataset

Group 
Dynamics Dataset

HRN 82.4 88.9 90.5

Social-GCN 82.3 91.2 91.2

GroupNet 82.4 94.5 94.5

ST-GCN 83.5 92.3 94.8

Interaction Graph 85.6 93.5 95.6

(Continued)
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Method Individual 
Behavior Dataset

Subgroup 
Interaction Dataset

Group 
Dynamics Dataset

MARS 84.5 93.8 92.3

GraphSAGE 83.2 93.8 91.5

ST-TRN 84.1 93.4 94.5

P-GNN 82.5 92.5 95.6

Social-LSTM 84.5 91.5 84.5

Interaction Transformer 85.6 93.4 94.2

CrowdNet 85.7 92.5 94.3

Dynamic Graph CNN 85.9 93.8 95.8

Proposed method 87.1 94.5 96.6

Figure 5 illustrates the variation in loss values during training under different 
loss weight parameters, specifically η = 0.1, η = 0.2, and η = 0.3. The horizontal axis 
represents training epochs, while the vertical axis corresponds to the loss values. All 
three curves exhibit a downward trend as training progresses, indicating progressive 
model optimization and convergence. When η = 0.1, the initial loss value was approx-
imately 7.5. A rapid decline to around 2.0 was observed within the first 30 epochs, 
followed by stable fluctuations and eventual convergence at approximately 1.2. This 
setting demonstrated moderate convergence speed and strong stability. For η = 0.2, 
the initial loss was approximately 7.8, gradually decreasing to around 1.5 by the 40th 
epoch, after which it remained stable. Although the final loss was slightly higher 
than that of η = 0.1, the overall convergence trend remained clear. When η = 0.3, the 
initial loss reached approximately 8.0. A sharp decline to around 3.0 occurred within 
the first 20 epochs, but mild fluctuations were observed due to increased sensitivity 
to the parameter setting. The final convergence was achieved around 1.8, reflecting 
faster convergence with slightly greater early instability. These results demonstrate 
that the proposed behavioral cognition analysis method exhibited stable conver-
gence under various loss weight configurations and demonstrated strong fitting 
capability for group interaction data. The findings validate the method’s scientific 
soundness and practical utility in revealing the underlying mechanisms by which 
group interaction influences language acquisition processes.

Table 1 presents a comparative evaluation of model accuracy across three 
datasets: individual behavior, subgroup interaction, and group dynamics. The pro-
posed method consistently achieved superior performance across all categories. 
On the individual behavior dataset, the proposed method achieved an accuracy of 
87.1%, outperforming both traditional approaches and most graph-based models. 
This result reflects a stronger ability to integrate and recognize multimodal indi-
vidual behavior, which can be attributed to the system’s hybrid context genera-
tion framework. By leveraging the integration of real and virtual environments, 
the framework enabled more precise capturing of language acquisition details 
and more delicate analysis of the alignment between individual cognitive efforts and 
language tasks. For the subgroup interaction dataset, the proposed method achieved 
parity with group interaction network (GroupNet) (94.5%) and outperformed other 
models such as spatial-temporal graph convolutional network (ST-GCN) and social 

Table 1. Accuracy comparison (%) across different datasets and methods (Continued)
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long short-term memory (Social-LSTM). These results underscore the method’s 
efficacy in modeling multi-scale subgroup collaboration patterns. In line with the 
subgroup interaction analysis introduced earlier, this performance validates the 
method’s ability to analyze subgroup-level interactions in AR environments—such 
as task allocation and argument exchange—through the lens of cognitive load the-
ory, thereby quantifying intra-group cognitive coordination. On the group dynamics 
dataset, the proposed method achieved the highest accuracy (96.6%), indicating 
outstanding capability in modeling macro-level group behavior.

Table 2. Experimental results of group modeling under different subgroup scales

Experiment No. Subgroup Scale (j ) Group Behavior Recognition Accuracy

1 No subgrouping j = 0 81.2%

2 Single scale j = 3 87.6%

3 Single scale j = 4 83.4%

4 Single scale j = 6 87.5%

5 Multi-scale j = 3, 6 88.9%

Table 2 presents the outcomes of five experiments. The results clearly demon-
strate the impact of subgroup scale on group behavior recognition accuracy. In the 
absence of subgroup modeling (j = 0), the recognition accuracy was limited to 81.2%, 
suggesting that the model failed to capture hierarchical interaction features of group 
behavior. Under this condition, macro-level behaviors such as participation balance 
and cognitive conflict resolution were inadequately interpreted. When single-scale 
subgroup modeling was applied (j = 3, 4, 6), recognition accuracies ranged from 
83.4% to 87.6%. Specifically, subgrouping at j = 3 (small-group collaboration) and 
j = 6 (large-group debate) yielded superior results, indicating that task-relevant scale 
selection could enhance behavior recognition. However, when j = 4 was used, a 
noticeable accuracy drop was observed (83.4%), highlighting the dependency of 
single-scale methods on task-specific conditions and exposing limitations in their 
adaptability to varying instructional scenarios. In contrast, the multi-scale subgroup 
modeling condition (j = 3, 6) achieved the highest accuracy at 88.9%, significantly 
outperforming both the non-subgrouped and single-scale configurations. This find-
ing substantiates the necessity of multi-scale fusion, particularly in AR-based English 
instructional contexts where inherently diverse subgroup structures exist. Multi-
scale modeling enables dynamic integration of interaction features across differ-
ently sized subgroups, resulting in a more comprehensive cognitive model of group 
behavior. These experimental findings confirm that multi-scale subgroup modeling 
plays a pivotal role in the analysis of group behavior in AR-enhanced English learn-
ing environments. The accuracy of 88.9% demonstrates that by fusing interaction 
data from varying subgroup scales, group behavior can be identified with greater 
precision and contextual generalizability—overcoming the scene-dependence lim-
itations of single-scale methods. The effectiveness of the proposed approach is rooted 
in the dual integration of system design and cognitive theory. The hybrid virtual- 
real system facilitated the collection of multi-scale behavioral data and contextual 
adaptation, while cognitive theory provided guidance for multi-scale modeling 
feature extraction and mechanism interpretation. This synergy ultimately enabled 
high-precision recognition of group interactive behavior.
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Table 3. Results of ablation experiments

Experiment  
No.

Subgroup 
Partitioning  

Module

Subgroup 
Interaction Feature 
Extraction Module

Feature  
Fusion

Weighted  
Loss

Behavioral 
Cognition Accuracy

1 – – – – 81.6%

2 – – √ √ 82.4%

3 √ – √ √ 85.9%

4 – √ √ √ 84.5%

5 √ √ – – 83.2%

6 √ √ √ √ 87.9%

7 √ √ √ – 86.5%

8 √ √ √ √ 88.9%

Table 3 presents the results of eight ablation experiments designed to evaluate 
the contribution of each module to the behavioral cognition accuracy. Experiment 1 
(no modules enabled) served as the baseline, achieving an accuracy of 81.6%. This 
result highlights the model’s limited capability in handling the complexity of multi-
scale subgroup interactions in AR instructional scenarios when core system modules 
are excluded. Experiment 3 (subgroup partitioning + feature fusion + weighted loss) 
yielded an accuracy of 85.9%, confirming the critical role of the subgroup parti-
tioning module. Once subgroup structures were introduced, the model was able to 
capture hierarchical interaction features. Combined with feature fusion and loss 
optimization, the initial capacity to decode group behavior patterns was signifi-
cantly enhanced. Experiment 8, with all modules activated, achieved the highest 
accuracy of 88.9%, representing the optimal outcome. The subgroup interaction 
feature extraction module contributed by quantifying multimodal interaction using 
the cognitive load theory, while the weighted loss module balanced heterogeneous 
data sources to support high-precision recognition of complex behaviors such as 
cross-subgroup knowledge transmission and cognitive conflict resolution. These 
findings affirm the necessity of coordinated module integration.

a) Individual behavior

Fig. 6. (Continued)
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b) Group behavior

Fig. 6. Confusion matrix visualization

In summary, the ablation study demonstrates that full-module integration 
is foundational to the effectiveness of the proposed approach. The collabora-
tive functioning of subgroup partitioning, feature extraction, feature fusion, and 
weighted loss significantly improved the accuracy of group behavior cognition in 
AR-based English instruction scenarios. Compared to isolated components, the fully 
integrated configuration validated the scientific robustness of the “system design—
behavior acquisition—cognitive analysis” closed-loop architecture. The proposed 
method addressed the challenge of modeling multi-scale subgroup interaction data 
through the integration of theoretical and technical modules, providing a quanti-
fiable basis for the iterative enhancement of functions within hybrid virtual-real 
instructional systems. 

The confusion matrix shown in Figure 6 provides an intuitive representation of 
the recognition performance of the proposed method across both individual and 
group behavior categories. For individual behaviors, all eight behavior types exhib-
ited high diagonal accuracy. Core behaviors such as pronunciation adjustment, emo-
tional expression, and initiating inquiry achieved recognition accuracies exceeding 
90%, demonstrating the model’s precise capture of linguistic output and emotional 
interaction within AR environments. This result was attributed to the combined 
use of voice recognition and motion tracking technologies embedded in AR devices, 
which effectively supported the parsing of pronunciation adjustment and emotional 
expression. Consequently, off-diagonal confusion rates remained minimal, validat-
ing the efficacy of multimodal data fusion. Regarding group behaviors, the five target 
behaviors were generally well recognized, with particularly high accuracy observed 
for balanced group participation and cognitive conflict resolution—two represen-
tative macro-level behaviors. These findings reflect the model’s strong capability 
in capturing multi-scale subgroup interaction patterns. For instance, by analyzing 
learners’ spatial distribution and argumentative exchanges within AR-based virtual 
classrooms and by leveraging social constructivist theory to quantify knowledge 
diffusion pathways, group-level patterns such as balanced participation were dis-
tinguished from other behaviors with low confusion rates. This further confirms 
the scientific soundness of subgroup partitioning and interaction feature fusion. In 
summary, the results of the confusion matrix analysis confirm that the proposed 
method enables highly accurate recognition of both individual and group behav-
iors in hybrid virtual–physical instructional environments. Recognition accuracy for 
core behaviors exceeded 90%, highlighting the effective integration of system design 

https://online-journals.org/index.php/i-jim


	 144	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 19 No. 18 (2025)

Gao

and cognitive theory in addressing the challenges of multi-scale, multimodal behav-
ior identification in AR-based English language instruction.

5	 CONCLUSION

This study was conducted to investigate the design of a mobile AR-based English 
contextual teaching system and the cognitive analysis of interactive behavior within 
such environments. Two core areas of development were integrated to produce com-
prehensive results. At the system design level, a hybrid virtual–physical scenario gen-
eration framework was established, equipped with multi-scene switching modules 
and interaction logic aligned with the principles of language acquisition. This frame-
work enabled immersive and dynamically adaptable English learning environments, 
thereby providing a technical foundation for multi-scale subgroup interaction. At the 
behavioral cognition analysis level, a multi-scale subgroup partitioning and feature 
extraction and fusion method was proposed. By integrating the cognitive load theory 
with social constructivism, the recognition of eight categories of individual behavior 
and five categories of group behavior was achieved with high precision. Experimental 
results demonstrated individual and group behavior recognition accuracies exceeding 
85% and 87%, respectively. Furthermore, multi-scale modeling improved recognition 
performance by 7.7% compared to single-scale approaches, verifying the method’s 
capacity to elucidate the mechanisms underlying language input, internalization, 
and output processes. The contributions of this study are threefold. Technologically, it 
advanced the deep integration of AR technology into educational environments and pro-
vided a reusable architecture for mobile teaching systems. Theoretically, a behavioral 
cognition analysis framework—spanning individual, subgroup, and group levels—was  
constructed, enriching the research on interaction mechanisms in language acquisi-
tion. Practically, quantitative evidence was offered to support the creation of person-
alized instructional scenarios and the optimization of collaborative group tasks in 
English language teaching, thereby enhancing learners’ applied language proficiency.
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