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ABSTRACT To address the insufficient real-time perception of learners’ emotional states and learning
behavior trajectories in textile English teaching, which limits the accuracy and dynamic adaptability of
resource recommendation, this study develops a collaborative framework for adaptive recommendation
and learning behavior prediction. A Transformer variant equipped with a multi-head emotional attention
mechanism is employed to process learner interaction text and generate emotionally enhanced semantic
representations. These representations are subsequently integrated with a lightweight Gated Recurrent
Unit (GRU) predictor to infer learning behavior trajectories. By dynamically evaluating the semantic con-
sistency between emotionally enhanced representations and predicted behavioral patterns, a personalized
recommendation list is generated through a differentiable ranking optimization mechanism. Experimental
results demonstrate that the proposed approach achieves recommendation matching accuracies of 77.2%
in the fiber materials domain, 81.5% in the weaving technology domain, and 78.3% in the fashion design
domain, confirming the effectiveness of collaborative optimization between resource recommendation and
behavior prediction. Furthermore, the proposed framework provides a data-driven paradigm for multimodal
cognitive state perception and intelligent information processing, offering potential methodological support
for adaptive signal interpretation and intelligent sensing applications in advanced engineering systems.

INDEX TERMS transformer, emotion recognition, learning behavior prediction, multimodal information

processing, intelligent sensing

I. INTRODUCTION
HE globalization of the textile industry places higher
demands on the English proficiency of its employees.
Textile English, as a professional communication tool,
encompasses terminology related to specific fields such
as fiber materials and weaving processes, and its learning
efficiency directly impacts international business expansion
[1-3]. Traditional teaching resource delivery models lack
personalized adaptation, failing to meet the diverse needs
of learners and resulting in low knowledge absorption rates
[4-6]. Intelligent teaching systems, through real-time data
analysis to optimize learning paths, can effectively im-
prove the quality of professional talent training and provide
core support for textile enterprises [7,8]. This research,
combining artificial intelligence with language education,
promotes the evolution of textile English teaching towards
precision and dynamism, possessing significant industry ap-
plication value. Existing systems face significant challenges
in textile English learning scenarios. Learners’ emotional
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states, such as frustration or interest, when faced with
dense professional terminology lack effective means of
quantification, and cognitive overload is common [9,10].
Behavioral data, including interaction duration and error
patterns, is not deeply analyzed, and resource recommen-
dation mechanisms cannot dynamically respond to changes
in individual needs [11,12]. General recommendation algo-
rithms are not adaptable to textile professional contexts,
and sentiment recognition technologies focus on surface
text analysis while ignoring industry characteristics [13].
Temporal behavior prediction models fail to integrate senti-
ment variables, resulting in a disconnect between resource
matching and learners’ actual states, which affects the im-
provement of teaching effectiveness [14]. Researchers have
used collaborative filtering algorithms to optimize resource
recommendations, but this method relies on user rating data
and has limited accuracy in matching resources to new
learners. LSTM (Long Short-Term Memory)-based behav-
ioral prediction models capture temporal dependencies but
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struggle to handle the coupling between emotional factors
and specialized terminology [15,16]. In the field of emotion
recognition, BERT (Bidirectional Encoder Representations
from Transformers) fine-tuning models are used to classify
learner emotions, but these have not been domain-adapted
to textile English corpora [17,18]. These methods handle
emotional or behavioral dimensions independently, failing
to establish a joint modeling mechanism between emotional
states and learning trajectories, resulting in a lack of real-
time dynamic adjustment capabilities in the recommendation
system. Existing work has not yet solved the problem of
deep integration between real-time capture of emotional
variables and behavioral prediction. To address the issue
of insufficient accuracy in resource recommendation caused
by the lack of real-time capture of emotional states and
learning behavior predictions, this paper constructs a variant
Transformer model based on a multi-head emotional atten-
tion mechanism. After learner interactive text input is en-
coded, a multi-head self-attention layer generates contextual
semantic embeddings. In the decoder stage, the attention
distribution is dynamically adjusted using an emotional
polarity weight matrix to focus on the emotional features of
textile terms, generating an emotional enhancement vector.
This vector, along with behavioral sequence data, is input
into a lightweight GRU predictor, which uses temporal
dependencies to infer future learning trajectories. Finally,
combined with the semantic embeddings from a textile
English resource database, the recommendation list gener-
ation is iteratively optimized using a differentiable ranking
loss function, aiming to construct a collaborative modeling
framework that integrates emotional and behavioral aspects.

Il. ADAPTIVE RECOMMENDATION METHOD BASED ON
SENTIMENT-BEHAVIOR COLLABORATIVE MODELING

Emotional Enhancement Attention Mechanisms for
Textile English

The multi-head sentiment attention mechanism applies
a sentiment polarity weight matrix in the Transformer
decoder [19,20]. This matrix dynamically modulates the
attention distribution through learnable parameters, enabling
the model to focus on the sentiment features of textile
English terminology. The sentiment polarity weight matrix
is generated jointly by the text sentiment features and
the semantic features of the professional domain, and its
calculation process is expressed as [21]:

I/Vsent = U(Wp . [htext; hdomain] + bp) (1)

Wient represents the sentiment polarity weight matrix;
o is the sigmoid activation function; W, is the learnable
weight parameter matrix; b, is the bias term; hyext is the
text sentiment feature vector; hqomain 1S the semantic feature
vector of the textile professional domain; [;] represents
the vector concatenation operation. This weight matrix is
used in the self-attention mechanism through element-wise
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multiplication with the regular attention weights to form the
sentiment-modulated attention distribution. The sentiment
enhancement representation vector is obtained by integrat-
ing the outputs of multi-head sentiment attention, and its
calculation formula is [22,23]:

Zgent = Concat(head;, heads, . .., head,)W? (2)

Zsent 18 the sentiment enhancement representation vector;
head; = Attention(QW?, KWK © Wien, VW) repre-
sents the output of the i-th sentiment attention head; Q, K,
and V are the query, key, and value matrices, respectively;
WiQ, WiK , and Wiv are the linear transformation weights
corresponding to each head; ® represents element-wise mul-
tiplication; WO is the output layer weight matrix; A is the
number of attention heads. Wgepy dynamically modulates the
attention distribution of key vectors, enabling the model to
capture emotional features when processing textile English
terminology. The model optimizes the learnable parameters
of the sentiment polarity weight matrix through backprop-
agation, enabling the attention distribution to dynamically
respond to changes in sentiment features within the textile
professional context, thus providing a sentiment-enhanced
semantic representation for subsequent learning behavior
prediction.

Temporal Prediction of Learning Behavior Based on
GRU

The system architecture is shown in Figure 1. The core
process includes that: semantic embeddings from learner
interaction text are generated via a Transformer encoder;
the attention distribution is dynamically adjusted using
a sentiment polarity weight matrix to generate sentiment
enhancement vectors; these vectors with standardized be-
havioral features are fused and input into a lightweight GRU
predictor to infer future learning trajectories; the semantic
embeddings finely tuned by BERT from the textile English
resource database are combined with the optimization of
the recommendation list, using a differentiable ranking loss
function to achieve collaborative modeling of sentiment
states and learning behaviors, thereby improving recommen-
dation accuracy and dynamic adaptability.

The sentiment enhancement representation vector and the
learning behavior sequence are fused temporally through
a timestamp alignment mechanism to construct a multi-
modal input feature matrix [24-26]. The learning behavior
sequence consists of temporal features, including interaction
duration, click frequency, and error rate, which are standard-
ized using Z-score normalization by subtracting the feature
mean and dividing by the standard deviation calculated from
the training set, forming a multi-dimensional vector where
each element represents a specific behavioral metric; the
actual behavioral trajectory value yi in the prediction loss
function denotes this multi-dimensional vector containing
future values of these behavioral features across the predic-
tion horizon. The feature matrix is divided into fixed-length
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FIGURE 1. Architecture of the adaptive recommendation and behavior prediction system for textile English teaching resources based
on multi-head sentiment attention mechanism

sliding windows in the time dimension to ensure temporal
consistency between sentiment state and learning behavior
prediction [27,28]. The GRU predictor adopts a single-layer
structure design with a hidden layer dimension of 128, and
controls the flow of information through update gates and
reset gates [29,30]. The internal state calculation process of
the GRU cell is described by the following formula:

re = 0(Warwy + Whphg_1 + by)

2 = 0(Wyoy + Wizhe—1 +02)

hy = tanh(Wapzy + 74 © (Whnhe—1) + bp)
he=(1—2) ®ht1+ 20 hy

x; represents the input feature vector at time step ¢; hy is
the hidden state at time step ¢; v, and z; are the reset gate
and update gate, respectively; hy represents the candidate
hidden states. W, Wiy, Waoy, Whae, Wen, and Wy, are
the learnable weight matrices; b,, b,, and b, are the bias
terms; o is the sigmoid activation function; © represents
the element-wise multiplication operation. The time series
prediction loss is measured by the MSE (Mean Squared
Error) function, defined as [31]:

3)

1 N
Leeq = 77 >_ l19: = wil? €
i=1

N is the predicted sequence length; y; is the actual be-
havioral trajectory value; y; is the predicted value. This loss
function optimizes the GRU predictor parameters through
backpropagation, enabling the model to capture the tem-
poral dependencies in learning behavior prediction during
the textile English learning process. The prediction results
are directly input into the recommendation optimization
module, providing dynamic behavioral trajectory data for
resource recommendation.

Sentiment-Behavior Driven Adaptive Recommendation
of Teaching Resources

A dimension harmonization process ensures consistent
representation across all modalities prior to feature fusion.
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The sentiment enhancement representation vectors from
the Transformer decoder undergo linear projection to 512
dimensions through a trainable weight matrix. Behavioral
features, initially comprising 32 temporal metrics after Z-
score normalization, are expanded to 512 dimensions us-
ing a fully connected layer with ReLU (Rectified Linear
Unit) activation. The GRU predictor output, with a hidden
dimension of 128, is projected to 512 dimensions via a
linear transformation layer. This uniform 512-dimensional
representation enables coherent semantic alignment between
emotional states, behavioral trajectories, and resource em-
beddings. The semantic representation of the textile En-
glish teaching resource database is constructed using a
pretrained BERT model, which generates resource feature
vectors after fine-tuning with a textile professional corpus
[32-34]. After the resource text is input into the BERT
model, context-related representations are extracted through
a multi-layer bidirectional Transformer encoder. The text
content of each teaching resource in the resource database
is processed by word segmentation and then input into the
model, outputting a standardized 512-dimensional vector
space representation. The similarity between the predicted
learning behavior trajectory and the semantic embeddings of
the textile English teaching resource database is calculated
to form a candidate recommendation set. The recommenda-
tion system employs a differentiable ranking optimization
mechanism, transforming the recommendation problem into
a ranking learning task to ensure that the recommendation
list matches the learner’s real-time needs. The core of the
recommendation process lies in designing a differentiable
ranking loss function. This function dynamically adjusts the
recommendation weights through gradient backpropagation,
enabling the model to iteratively optimize the recommenda-
tion list. The ranking loss function is defined as:

Lo 1 ¥ 1 exp(sim(p;, v;))
rank — _ﬁ Z og . I K . )
=1 exp(sim(pi, vr)) + 325 exp(sim(p;, vr’))
&)

N’ represents the training batch size; p; is the predicted
behavioral trajectory vector for the i-th learner; v, is the
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semantic embedding of the corresponding positive sample
resource; vr:@ ) is the semantic embedding of the j-th
negative sample resource corresponding to the ¢-th learner;
sim(-, -) represents the cosine similarity function. This loss
function continuously optimizes recommendation quality
by minimizing the similarity difference between positive
samples and the predicted results while maximizing the
similarity difference between negative samples. A dynamic
threshold control strategy is implemented during the rec-
ommendation process, adjusting the number of resources
pushed based on the confidence level of the predicted learn-
ing behavior trajectory. The system calculates the similarity
score between each resource in the candidate recommenda-
tion set and the predicted learning behavior trajectory; only
resources with scores exceeding a preset dynamic threshold
are included in the final recommendation list. The dynamic
threshold is jointly determined by the confidence level of
the behavior trajectory prediction result and the cognitive
load parameter set by the system, ensuring that the number
of resources pushed is appropriate for the learner’s current
learning status.

lll. EXPERIMENTS AND RESULTS

Experimental Environment and Dataset Configuration

The experimental environment is configured on a work-
station equipped with an Intel Xeon Gold 6248 processor
and an NVIDIA Tesla V100 graphics processor, running
Ubuntu 20.04. The deep learning framework used is PyTorch
version 1.9.0. The textile English learning dataset is divided
into training, validation, and test sets to ensure the relia-
bility of model training and evaluation. To quantify model
performance, recommendation matching accuracy is defined
as the proportion of the intersection between recommended
resources and the resources actually chosen by the learner,
while behavior prediction error is measured by the mean
squared error between the predicted trajectory and the actual
trajectory.

Table 1 records the sample size and key parameters at
each stage of dataset processing. The dataset contains 9,875
samples, with 512 feature dimensions, 6 sentiment label
classes, and a behavior sequence length of

120. The training set contains 6,913 samples; the val-
idation set contains 1,481 samples; the test set contains
1,481 samples. Each subset maintains the same feature
dimensions, sentiment label classes, and behavior sequence
length parameters to ensure consistency of experimental
conditions and reproducibility of results. The dataset size
of 9,875 samples represents a comprehensive collection of
domain-specific interactions for textile English learning. The
model architecture incorporates regularization techniques,
including dropout layers with 0.3 probability, L2 weight
decay with coefficient 0.01, and gradient clipping with
threshold 1.0 to prevent overfitting. Domain-specific pre-
training on a larger general English corpus followed by
fine-tuning on the textile dataset leverages transfer learning
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to enhance model generalization. Cross-validation across
multiple random splits confirms consistent performance met-
rics, indicating sufficient data representation for the model
complexity. The specialized nature of textile English learn-
ing context reduces the required sample size compared to
general language models due to the constrained professional
vocabulary and structured learning patterns.

TABLE 1. Statistics of textile English learning dataset

Dataset types Sample size  Feature dimension ~ Emotional tag categories ~ Behavior sequence length
Dataset 9.875 512 6 120
Training set 6,913 512 6 120
Validation set 1,481 512 6 120
Test set 1,481 512 6 120

Comparison of Recommendation Performance Across
Different Professional Fields

To evaluate the impact of sentiment feature fusion on
the accuracy of recommendations for textile English teach-
ing resources, this study compares the proposed method
with BERT4Rec, Self-Attentive Sequential Recommenda-
tion (SASRec), Deep Collaborative Filtering (CF), and a
Transformer-based baseline method across five major pro-
fessional fields: fiber materials, weaving technology, dyeing
and printing technology, fashion design, and textile ma-
chinery. Fiber materials and weaving technology, as the
core of basic textile English content, form the foundation
of the knowledge system; dyeing and printing technology
and fashion design exhibit significant sentiment features
due to their extensive use of descriptive terminology; the
textile machinery field is predominantly characterized by
objective technical parameters. Figure 2(a) presents the
comparative results of recommendation matching accuracy
across professional fields, reflecting the alignment between
teaching resources and learner needs; Figure 2(b) quantifies
the accuracy improvement resulting from sentiment feature
fusion, visually demonstrating the optimization value of the
multi-head sentiment attention mechanism.

Figure 2 demonstrates that BERT4Rec achieves rec-
ommendation matching accuracy rates of 64.5%, 68.2%,
59.7%, 61.8%, and 63.9% in the fiber materials, weaving
technology, dyeing and printing technology, fashion design,
and textile machinery fields, respectively. SASRec attains
accuracy rates of 65.8%, 69.5%, 60.9%, 63.2%, and 65.1%,
while Deep CF reaches 66.4%, 70.1%, 61.5%, 64.1%, and
65.7%. The Transformer baseline method achieves 68.5%,
72.8%, 63.2%, 65.7%, and 67.9% accuracy. After applying
the proposed multi-head sentiment attention mechanism, the
accuracy rates improve to 77.2%, 81.5%, 74.1%, 78.3%,
and 73.8%, representing improvements of 8.7% to 19.2%.
The highest improvement occurs in the fashion design field
at 19.2%, followed by the dyeing and printing technology
field at 17.2%, consistent with the industry characteristics
of these fields, which contain emotionally rich descrip-
tive terminology. Fiber materials and weaving technology
as foundational fields show improvements of 12.7% and
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FIGURE 2. Comparison of matching accuracy and emotional feature fusion gains with the most advanced recommendation models in
the field of textile expertise: (a) Comparison with state-of-the-art recommendation models; (b) Sentiment feature impact on matching
accuracy

12.0%, respectively, reflecting the relatively secondary role
of sentiment features in basic knowledge learning. The
textile machinery field shows only an 8.7% improvement,
confirming that the objectivity of technical terminology
in this field diminishes sentiment feature contributions.
This differential distribution indicates that the multi-head
sentiment attention mechanism effectively identifies and
utilizes sentiment features within professional contexts. The
impact of sentiment feature fusion on recommendation ac-
curacy depends on the sentiment richness of domain-specific
terminology. The substantial gains in sentiment-intensive
domains such as fashion design and dyeing and printing
technology validate the optimization value of sentiment
cognition modeling for textile English teaching resource
recommendations.

Temporal Dynamics of Behavioral Prediction Errors
Across Textile Domains

To systematically examine the dynamic evolution of pre-
diction errors in textile English learning behavior across
different professional fields, this study comprehensively
compares the prediction performance of the proposed
method with the Temporal Fusion Transformer (TFT) and
Transformer-XL. across multiple domains. Mean Squared
Error (MSE), as a key parameter for evaluating predic-
tion accuracy, objectively reflects the deviation between
model output and actual behavioral trajectory, with its
value directly determining prediction reliability. To measure
the model’s ability to infer short-term and medium-term
behavioral trajectories, the experiment establishes predic-
tion time steps of 1, 3, and 5 steps, corresponding to
three typical learning scenarios: immediate feedback, short-
term planning, and medium-term goals. By examining the
evolution trend of prediction errors across different time
spans, critical points for learning trajectory inference can be
identified, providing empirical evidence for evaluating the
model’s capacity to capture long-term temporal dependen-
cies. Figure 3 presents the spatial distribution characteristics
of behavioral prediction errors in textile professional fields
and their temporal evolution patterns. Figure 3(a) shows the
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model comparison analysis, while Figure 3(b) illustrates the
temporal dependency characteristics.

Figure 3 demonstrates that the prediction results for
textile English learning behavior show higher accuracy in
sentiment-intensive domains (fashion design and dyeing
and printing technology) compared to technically objec-
tive domains (textile machinery). The Mean Squared Error
(MSE) values for fashion design and dyeing and printing
technology are 0.059 and 0.068, respectively, which are
0.032 and 0.023 lower than those for textile machinery,
confirming the enhancing effect of sentiment feature fusion
on behavior modeling. In terms of temporal dimension,
the MSE difference between 5-step and 1-step predictions
ranges from 0.068 to 0.124. The difference in fashion design
is 0.068, lower than the 0.124 observed in textile machin-
ery, indicating stronger temporal stability in sentiment-rich
domains. Stability boundary is defined as the prediction step
where mean squared error exceeds 0.1; analysis reveals this
boundary for sentiment-intensive domains occurs at 5-step
prediction, while textile machinery reaches this threshold at
3-step prediction. This difference stems from the lack of sen-
timent buffering mechanisms for objective technical terms
in textile machinery, leading to rapid error accumulation
over time. In fashion design, the MSE difference between
3-step and 1-step predictions is 0.026, while in textile
machinery, the corresponding difference is 0.044, demon-
strating that sentiment features provide additional stability
support for learning trajectory inference. The Temporal Fu-
sion Transformer and Transformer-XL, as modern sequence
modeling approaches, show improved performance over
traditional methods across all domains, but the proposed
method demonstrates superior prediction accuracy and tem-
poral stability in sentiment-intensive domains, validating the
effectiveness of joint sentiment-behavior modeling.

Influence of Emotional State on Recommendation
Effectiveness

This paper selects several domains as analysis objects
to explore the influence mechanism of emotional state on
the accuracy of textile English teaching resource recom-
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FIGURE 3. Time distribution characteristics and stability boundary analysis of prediction errors in textile English learning behavior: (a)
Comparison with modern sequence modeling approaches; (b) Temporal dependency

mendations, and examines the correlation strength between
three core emotional dimensions—frustration, interest, and
anxiety—and recommendation effectiveness. Pearson corre-
lation coefficients are calculated using cross-validation to
quantify the correlation between emotional enhancement
vectors and recommendation results. The paper focuses
on comparing the differences in emotional-recommendation
correlation between the activated and deactivated states of
multihead emotional attention mechanisms, revealing the
intrinsic mechanism of emotional variables in dynamically
adjusting resource difficulty, as shown in Figure 4.

(a) With Multi-Head Sentiment Attention Mechanism (b) Without Multi-Head Sentiment Attention Mechanism
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FIGURE 4. Comparison of sentiment-recommendation correlation under
multi-head sentiment attention mechanism activation: (a) With multi-head
sentiment attention mechanism; (b) Without multi-head sentiment attention
mechanism

In Figure 4(a), the correlation coefficient between interest
and recommendation results in the fashion design field
reaches 0.85 under the activated mechanism state, while
the correlation coefficient for frustration in the dyeing and
printing technology field is -0.65, confirming the correla-
tion between learners’ emotional state and recommendation
accuracy in emotion-intensive fields. Before and after mech-
anism activation {Figure 4(b)-Figure 4(a)}, the correlation
coefficient of interest in the fashion design field increases
from 0.62 to 0.85, and in the dyeing and printing technology
field from 0.56 to 0.78, while in the textile machinery
field it only increases from 0.30 to 0.42. This differen-
tiated improvement stems from the fact that the fashion
design and dyeing and printing technology fields contain
a large number of descriptive emotional terms, and the
multiheaded emotional attention mechanism can effectively
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capture and utilize these emotional features to optimize
the recommendation strategy. The correlation coefficient of
the fiber materials and weaving technology field increases
moderately, reflecting that although the emotional features
of basic fields are not as prominent as those of emotion-
intensive fields, they still have an important impact on
the recommendation effect. In Figures 4(a) and (b), the
absolute value of the correlation coefficient of the textile
machinery field is the lowest, verifying that the contribution
of emotional features to the recommendation system is
limited in technology-objective fields. The strong correla-
tion between emotional state and recommendation results
provides a theoretical basis for constructing an adaptive
teaching resource recommendation system, and proves that
the fusion of emotional features is an effective way to
improve recommendation accuracy.

IV. CONCLUSION

This paper constructs a Transformer variant model based
on a multi-head sentiment attention mechanism. After the
learner’s interactive text is encoded into contextual se-
mantic embeddings by the encoder, the attention distribu-
tion is dynamically modulated using an sentiment polarity
weight matrix in the decoder stage to generate an enhanced
sentiment representation vector. This vector is then input
into a lightweight GRU predictor along with the behavior
sequence. The recommendation list is optimized using a
differentiable ranking loss function, combined with resource
repository semantic embeddings. Experiments show that
the multi-head sentiment attention mechanism achieves a
recommendation matching accuracy of 78.3% in the fashion
design field. In terms of behavior prediction, the MSE
in the fashion design field is 0.059, verifying the role of
sentiment feature fusion in improving prediction accuracy.
This method effectively solves the problem of not capturing
learners’ sentiment states and learning behavior predictions
in real time in textile English teaching. It achieves dynamic
synergy between resource recommendation and learning
trajectory prediction, providing a precise and personalized
intelligent support system for textile professional English
teaching, and promoting the transformation of the interna-
tional talent training model in the textile industry towards
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a data-driven approach and a deep integration of sentiment
cognition and behavior prediction.
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