International Journal of Innovative
Computing, Information and Control ICIC International (©)2025 ISSN 1349-4198
Volume 21, Number 6, December 2025 pp. 1671-1689

CONSTRUCTION AND OPTIMIZATION OF THE INTELLIGENT
LEARNING MODEL OF THE FRONT-END AI ASSISTANT
BASED ON STYLEGAN

PING YANG* AND CHENGJIA TANG

School of Information Science and Technology
Xichang University
No. 1, Xuefu Road, Anning Town, Xichang 615000, P. R. China
xcc20210288@xcc.edu.cn
*Corresponding author: xcc20220336@xcc.edu.cn

Received November 2024; revised April 2025

ABSTRACT. Current Al-driven e-commerce recommendation systems often rely on fized,
text-based strategies that fail to effectively convey product features, limiting their abili-
ty to align with user preferences and reducing engagement and conversion. This study
aims to enhance e-commerce recommendations by combining Singular Value Decomposi-
tion (SVD) with Style Generative Adversarial Networks (StyleGAN). The objective is to
optimize content generation and improve recommendation accuracy through hierarchical
weight adjustments based on user preferences. User inputs are preprocessed with word
segmentation, part-of-speech tagging, and named entity recognition. Historical interac-
tion data is decomposed using SVD to derive a user-product behavior matriz, from which
Top-N products are selected and clustered. The Chebyshev distance is used to calculate a
preference vector, which is input into StyleGANS to optimize the network’s layer weights,
generating personalized product images. The model achieved a click prediction accuracy
of 0.787, a recommendation coverage rate of 0.27, and a purchase conversion rate of
14.01%, demonstrating its effectiveness in personalizing product recommendations and
improving user interaction. The proposed model enhances the presentation of product
features in e-commerce, improving recommendation accuracy and conversion rates. It
shows significant potential for optimizing sales and enhancing the user experience in on-
line shopping.

Keywords: Front-end Al assistant, Intelligent learning model, Product recommenda-
tion, Style generative adversarial network, Singular value decomposition

1. Introduction. The rapid development of Al technology has enabled Al assistants to
play key roles in customer service, product recommendations, and information retrieval.
Representative technologies include large language models like BERT [1], Chat GPT [2],
and T5 [3]. However, existing Al communication models often rely on static recommen-
dation strategies using fixed algorithms and rules [4,5], which struggle to adapt to diverse
user needs in big data scenarios and lack flexibility in addressing personalized preferences
[6,7]. During product selection, users require detailed information and feature compar-
isons, but text-based AI responses often fail to convey such content clearly, reducing
satisfaction and loyalty [8,9]. Developing front-end AT models that dynamically learn user
preferences has thus become critical for improving user experience.

Recent studies focus on enhancing Al responsiveness and personalization. Liu et al. [10]
proposed an Efficient Deep Matrix Factorization (EDMF) method with review feature
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learning for real-time recommendations. Cui et al. [11] developed a time-correlation-
based K-means model with Cuckoo Search, improving MCoC accuracy by 5.2% in IoT
environments. While integrating real-time behavior data and contextual information en-
hances personalization [12,13], challenges persist in clearly expressing product features
[14,15]. Matrix decomposition via collaborative filtering [16,17] and big data frameworks
like Hadoop [18], Spark [19], and Kafka [21] have been explored. For instance, You et
al. [22] combined Spark with Latent Factor Models (LFM) for precise recommendations,
while Yang et al. [23] used time-weighted ALS algorithms to dynamically track user inter-
ests. Despite improved accuracy, these methods suffer reduced effectiveness under sparse
data conditions, limiting recommendation diversity.

Generative Adversarial Networks (GANs), comprising a generator and discriminator
[24,25], have advanced front-end image generation, style transfer, and data augmenta-
tion [26,27]. Li et al. proposed attribute-conditional LayoutGAN [28,29], enabling GANs
to generate design layouts aligned with user preferences through wireframe rendering.
ColdGAN [30] later leveraged GANS to produce personalized product descriptions, though
content inconsistency [31,32] and deployment complexity [33] remain critical challenges.

Transformer-based models [34,35] excel in capturing user intent and contextual seman-
tics. Continuous prompt learning [36] and self-supervised pre-training [37] have enhanced
their performance in recommendation systems. Integration with collaborative filtering
techniques like Latent Semantic Models (LSM) [38,39] further improved dynamic user-
item interaction modeling. Frameworks such as Temporal Graph Transformer (TGT) [40]
and RAISE [41] achieved significant accuracy gains by addressing temporal behavioral
dependencies and latent intentions. This study combines StyleGAN [42/43], SVD [44],
and Google’s Gemma 2 Transformer [45] to address content generation and personaliza-
tion gaps. The framework uses SVD to decompose user-product behavior matrices for
recommendation clustering, StyleGAN3 to generate preference-driven product visuals via
a hierarchical style module, and Gemma 2 to refine recommendations in real time through
contextual analysis. This integration bridges visual personalization, latent preference mod-
eling, and dynamic adaptation for improved accuracy and deployment efficiency.

This study develops a front-end Al assistant model based on StyleGAN to deliver
personalized and clear product recommendations by learning user behavior and feedback
in real time. The system collects user data via Flume, processes it using Spark, and stores
it in MongoDB, with recent records cached in Redis for faster access. A user-product
behavior matrix is constructed from historical data, decomposed using the SVD algorithm
to generate a TOP-500 product recommendation list, and clustered into six groups to
extract the top two products per cluster. The StyleGAN3 model is enhanced by optimizing
the adversarial relationship between the generator and discriminator and introducing
a style hierarchy mechanism driven by preference vectors. User preference vectors are
passed to the style hierarchy module, where a style weight matrix adjusts the influence of
input conditions on image generation. Nonlinear transformations via activation functions
capture complex patterns, while multiple style conversion layers independently adjust
image features. Real-time user interactions update Redis, and Spark Streaming refines
the recommendation matrix, generating text replies through Gemma 2 to optimize user
experience continuously.

The main contributions of this research are 1) integrating SVD-based matrix decom-
position with StyleGAN3 to generate personalized product images, enabling highly cus-
tomized recommendations; 2) enhancing StyleGANS3 training through multi-scale discrim-
ination and dynamic learning rate adjustments, improving image quality and generation
efficiency; 3) achieving real-time analysis of the user-product behavior matrix, boosting
recommendation coverage and conversion rates.



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.6, 2025 1673

2. Intelligent Learning Model Construction.

2.1. User interaction and intention recognition. Users enter text to express their
needs for products and services through the front-end interface shown in Figure 1. The sys-
tem is designed with multiple input prompts, and the input content may include product
type, functional needs, price range, etc. At the same time, an asynchronous submission
mechanism is adopted to allow users to get instant feedback when entering.

Home Services About Us Contact Us

Product Service Input

Please enter your requirements:

e.g., smartphone, price range 500-1000

Input Suggestions: You can enter product type, functional needs, price range, et

Frequently Asked Questions

Q: How to choose the right product?
A: Please provide your specific requirements, and we will recommend accordingly.

Q: Can | adjust the price range?
A: Yes, you can flexibly choose based on your budget

FI1GURE 1. Front-end user input interface

Then the user input is preprocessed and the text is segmented using word segmentation
technology. Part-of-speech tagging is used to add grammatical tags to each word to identify
its role in the sentence. Named Entity Recognition (NER) technology can be used to identi-
fy key entities in user input based on the SpaCy library, including product names, function

descriptions, brands, etc. In this process, let the user input text be X = {x1,zs,...,2,},
the vocabulary set obtained after word segmentation be W = {wy,ws, ..., w,,}, and the
word frequency is used to represent it in matrix form:
tf(wi, 1) U (wi,z2) - tf (w1, 2n)
tif (wo, 1) #f (wa,x2) -+ if (we, Ty
oo | Plwne) W) o @) "

tf<wm7x1> tf(wm7$2) e tf(wmaxn>
In this matrix, ¢f(w;,x;) represents the frequency of occurrence of word w; in text
x;. The pre-trained Gemma 2 model (https://github.com/google/gemma_pytorch) can be
used to analyze the text content, perform feature extraction on the processed text, and
extract the TF-IDF (Term Frequency-Inverse Document Frequency) feature vector. The
calculation formula is as follows:

TF-IDF(¢t,d) = TF(t, d) x log <\{d - gt - d}!> (2)

Intent classification is optimized through the Max Entropy Model, and the model output
is a probability distribution:

PIX) = o0 (Z AR, y>> ®)
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2(X) = > ey exp (Zle Nifi( X, y’)) is the normalization factor, f; is the feature
function, and ); is the weight parameter. The Gemma 2 model enhances the ability to
understand user intent by combining Convolutional Neural Network (CNN) and Recurrent
Neural Network (RNN). The model loss function is defined using cross-entropy loss, where
y is the actual intent category corresponding to the user input text, g is the probability
value calculated for each possible category (intent) after processing by Gemma 2, and C'
is the total number of categories:

c
L(y,9) = — Zyz log () (4)

The intention inference process for a single user text is shown in Figure 2.

Tokenization Part-of-Speech Tagging Named Entity Recognition

Tokenization Result: Can you
recommend a good laptop for

gaming

Part-of-Speech Tagging: Can(MD) you(PRP) recommend(VB)
a(DT) good(JJ) laptop(NN) for(IN) gaming(NN)

Recognition Result:
Entity(laptop)

Function(gaming)

IDF(laptop)

log( 1000/10)
Gemma 2 Model

I'F-1DF(laptop)
I'F(laptop)=1DF(laptop)
1x2=2

Intent Classification

Output Probability Distribution

Calculate Term Frequency Matrix TF

(yIX)={"recommendation”:0.85," inquiry":0. 10,"feedback":0.05

F1GURE 2. The process of front-end Al inferring the intention of a single
user text

This paper takes the user input text “Can you recommend a good laptop for gaming”
as an example. Figure 2 shows the process of inferring the user’s text intention. After
the user enters the request through the text box, the system performs text preprocessing,
including word segmentation, part-of-speech tagging and named entity recognition. The
word segmentation result divides the sentence into words. Part-of-speech tagging marks
the grammatical role of each word, where Can is marked as a modal verb (MD), you is a
personal pronoun (PRP), recommend is a verb base form (VB), a is a determiner (DT),
good is an adjective (JJ), laptop is identified as a noun (NN), for is a preposition (IN),
and gaming is identified as a noun. At the same time, named entity recognition identifies
the key entity “laptop” and the function “gaming”. Then, a vocabulary set is generated
and the word frequency matrix TF is calculated to reflect the frequency of occurrence
of each word. The result is TF = [1,1,1,1,1,1,1,1]. The relevance of specific words is
then evaluated by calculating the TF-IDF feature vector. Taking “laptop” as an example,
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its TF-IDF value is 2. The processed feature vector is input into the Gemma 2 model
for intent classification, and the probability distribution of different intent categories is
output, among which the recommendation intent is 0.85, the inquiry intent is 0.10, and
the feedback intent is 0.05. Finally, the system generates the user intent and determines
it as “recommended product”, realizing the recognition and response to user needs.

2.2. Data analysis and personalized recommendation. The user behavior data is
obtained through the API interface of the e-commerce platform. The data includes user
ID, product ID, behavior type (browsing, adding to shopping cart, purchasing), timestamp
and other information. The data is embedded in the front end, and the behavior data is
obtained based on regular expressions in Flume. The data is forwarded to Spark for
processing and stored in the MongoDB database. At the same time, recent records are
stored in the Redis database and stacked in the form of a stack to speed up the acquisition.
The acquired data is preprocessed to remove missing values and outliers to ensure data
integrity. The data format is shown in Table 1.

TABLE 1. User historical behavior data acquisition

Visitor ID Item ID Event Timestamp

257597 355908 view 1433221332117
992329 248676 view 1433224214164
111016 318965 view 1433221999827
483717 253185 view 1433221955914
287857 5206 addtocart 1433223236124
158090 10572 addtocart 1433221078505

599528 356475  transaction 1433222276276
196602 63312 addtocart 1433194969716
1159635 168527 view 1433193654708
121688 15335  transaction 1433193500981

After the historical data collection is completed, the user-product behavior matrix
R € R™*™ is constructed, where m is the number of users and n is the number of products:

ri1 T2 'n
To1r To2 -+ Top

R=1| . (5)
"Tm1 T™m2 *°° Tmn

Among them, element r,; represents the rating of user u on product 7, and the assign-
ment method is as follows:

e r,; = 0 means that user v has not taken any action on product .

e r,; = 1 means that user u has browsed product i.

e r,; = 2 means that user v has added product ¢ to the shopping cart.
e r,; = 3 means that user u has purchased product z.

The SVD algorithm is used to decompose the user-product behavior matrix R. The
goal is to decompose it into three matrices:
R~UXVT (6)

U is the user feature matrix; X is the singular value matrix; V is the product feature
matrix. For example, the matrix R’ reconstructed from the behavior matrix R of 3 users
and 4 products can be expressed as
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R/ = UEVT = U21 U2

U1 U2 [
U1 U32

o1 0 V11 V21 U31 V41
0 o9 V12 V22 U322 V42

The first k largest singular values and their corresponding features can be selected from
the singular value matrix ¥ to form a low-dimensional user feature vector u, € R¥ and
product feature vector v; € RF, eliminating data sparsity by reducing the dimension.
By calculating the variance explained ratio (Variance Explained) corresponding to the
singular value, the minimum £ value selected in the study is 13 to ensure that the cumu-
lative variance explanation reaches 90%, as shown in Figure 3. The user feature vector
and product feature vector can be used to calculate the predicted score of user u for the
unseen product i:

After generating a recommendation list for each user based on the predicted score, the
TOP-500 products with the highest scores were selected in the study.

***** 90% Threshold
----- Selected k value (k=13)

vvvvvvvv

Cumulative Variance Explained Ratio
Lo oeoo—
CO==NINNWWAERNUNAANIINNNRNOCO

Number of k

FIGURE 3. Selection of k£ value for singular values

In the SVD decomposition of the user-product behavior matrix, the selection of k is
based on the curve of cumulative variance explained as a function of dimensionality (Fig-
ure 3). Experimental results show that when k& = 13, the cumulative variance explained
reaches 90% for the first time. Beyond this point, increasing k& leads to diminishing re-
turns in terms of explained variance (e.g., an increase of only 0.5% at k = 15), while
model complexity and computational cost grow nonlinearly. To balance recommendation
accuracy and efficiency, cross-validation reveals that at k£ = 13, the recall rate of the rec-
ommendation system improves by 12.3% compared to k = 10, with only an 8.7% increase
in training time. However, further increasing k results in diminishing marginal returns
(e.g., at k = 15, the recall rate improves by only 2.1%, but training time increases by 1.6
times). Therefore, k = 13 is consistently used in the following sections.

2.3. Improving image generation of StyleGAN. The recommendation results are
clustered using the feature vector matrix of the generated TOP-500 products. Here, the
number of clusters is set to 6. The goal of clustering is to minimize the sum of squared
errors within each cluster. The objective function is expressed as

T=33 o= P ®)

Jj=1 p;eC;
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Among them, C} is the jth cluster, 1, is the centroid of the cluster, defined as

P €C;

Based on t-SNE (t-Distributed Stochastic Neighbor Embedding), the 500 13-dimension-
al feature vectors after clustering are visualized on a two-dimensional plane as shown in
Figure 4. It can be seen that the items are divided into 6 clusters. The Chebyshev distance
between the centroid p; of each item cluster and the user feature vector U is calculated
separately:

DChebyshev(U :u’j) - 11'I<la<}2 |ul :U’j,il (1())

u; and f;; are the components of the user feature vector and cluster centroid in the %
dimension, respectively. Select the item cluster C}- with the smallest distance, that is

Cj* = arg m]m DChebyshev(Ua :U’J> (1 1)
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FIGURE 4. Visualization of product clustering results

It can filter again from cluster C}- and select the TOP-2 products in each cluster as the
recommendation candidate list (62 = 12). After determining the recommended TOP-12
products, the paper uses their product images as the reference images and introduces
the user preference vector as the conditional information, which are used as the model
pre-input data.

StyleGANS is a generative adversarial network that focuses on generating high-quality
and diverse images. The model improves the realism and structural details of the image by
optimizing the adversarial relationship between the generator and the discriminator. The
introduction of random noise further enhances the diversity of the generated images while
maintaining the personalized expression of user preferences. The study further introduced
a style hierarchical mechanism based on the SVD preference vector in StyleGAN3, and
processed the input conditional information C' through multiple style transfer layers, so
that each layer can independently adjust different image features. Assuming that the C'
is the dimension d conditional vector, the style layer is expressed as

S;{(C)=W,-0(C) (j=1,2,...,L) (12)
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Among them, W; is the style weight matrix of each layer, and o(-) is the activation
function. The generator G combines the style information to generate the image I:

[ = G(2:8.(C), S5(C), ..., S.(C)) (13)

z is a random variable in the latent space, which is used to control the basic structure
of the generated image. By adjusting the style weights inside the generator, the user’s
preference vector F' can finely affect the generated image features, and the generator
output image is expanded to

I =G(zW-F+n) (14)

Among them, n is a random noise vector extracted from Gaussian distribution n ~
N(0,0?) to enhance the diversity of generated images. The combination of style weight
W vector and preference vector F' can generate unique images while maintaining user
preferences. In the process of evaluating the authenticity of the image, the discriminator
D not only considers global information, but also analyzes the local area. The study sets
a multi-scale discriminant strategy and decomposes the input image I:

D(I) =) Di(Ry) (15)

R, divides the image I into K local areas, and the discriminant output Dy of each area
is processed by the Tanh function, the formula is

et —e
et 4+ e %

f(z) = tanh(x) =

To improve the discrimination ability, the loss function of the discriminator is expanded
to

(16)

Lp = ~Eumpy, [log D(2)] — Egpllog(l — D(G()] + ABanpLap  (17)

Among them, 7 is the interpolation sample between the real and generated data, and
A is a hyperparameter that controls the intensity of the gradient penalty. The gradient
penalty term in the loss function is expressed as follows:

Lap = NE[(IVD(@)] — 1) (18)

At the same time, combined with the dynamic learning rate adjustment strategy, the
learning rate 7 is adjusted to
N1 =1 - B (19)
Among them, 3 is the attenuation factor, which is used to ensure that the learning rate
gradually decreases in the later stage of training and improve the convergence of the
model. The overall improved architecture for the StyleGAN3 model is shown in Figure 5.
Figure 5 shows the core components of the improved StyleGAN3 model and their inter-
actions. The user preference vector is passed to the generator through the style hierarchy
module, affecting the feature adjustment of the generated image. The generator combines
latent space random variables and random noise to generate diverse image outputs. The
discriminator uses a multi-scale strategy to evaluate local areas to improve the authentic-
ity of the image. At the same time, the figure highlights multiple improvement modules
such as style hierarchical mechanism, random noise introduction, discriminator improve-
ment and dynamic learning rate adjustment. The modules work together to enhance the
model’s personalization ability and generation quality, ensuring that the generated images
are highly diverse while meeting user preferences.
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[ J __________

. : .
1 Fine-Grained Feature Adjustment :

G(z:W -F +n) Dynamic Learning Rate Adjustment

F1GURE 5. Improved StyleGAN3 model architecture

2.4. Comprehensive response generation. Based on the user’s intention recognition
results and personalized recommendation matrix, the extracted information is embedded
into the selected template, and the corresponding text description is generated for each
recommended product using Gemma 2. The generated product image is combined with
the text description to form a complete response information. The generated comprehen-
sive response information is displayed on the user interface. When the user submits the
query, the system loads the corresponding product recommendation information so that
the user can see the results in the shortest time. At the same time, the user can inter-
act with the front-end Al assistant through the e-commerce platform interface, describe
the product features more clearly, transfer the real-time data to the Redis database, and
transmit the real-time user text to SparkStreaming for stream processing. After adjusting
the recommendation matrix, SVD-StyleGAN3 is used again to update the recommenda-
tion description and content. The system response interface and recommendation update
process are shown in Figure 6.

3. Model Testing. The test of the intelligent learning model mainly focuses on four as-
pects: recommendation accuracy, recommendation coverage, average browsing time, and
purchase behavior conversion rate. The research uses the Retailrocket dataset (https://
www.kaggle.com/datasets/retailrocket /ecommerce-dataset) as the object for recommen-
dation testing. The dataset consists of three files: a file containing behavioral data, a file
describing item attributes, and a file describing a category tree. The data comes from a
real-world e-commerce website and is original data without any content conversion. All
values are hashed for confidentiality reasons. The behavioral data covers interactions col-
lected over 4.5 months, including events such as clicks, add to cart, and transactions.
Users can access three types of events: “view”, “add to cart”, or “transaction”. A total of
2,756,101 events, including 2,664,312 views, 69,332 add to carts, and 22,457 transactions
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FIGURE 6. Front-end Al assistant response and recommendation update

generated by 1,407,580 unique visitors. At the same time, actual scenario testing was con-
ducted, inviting 200 subjects to use the front-end Al assistant and the back-end statistics
results.

All models were trained and tested on the Retailrocket dataset, uniformly using the
first three months of data as the training set and the subsequent 1.5 months as the test
set to ensure consistency in data partitioning. For hyperparameter settings, the learning
rate for all models was set to 1 x 1073, with the Adam optimizer used. The batch size was
set to 256, and the maximum number of training iterations was 50 epochs, with an early
stopping strategy applied (training stops if the validation loss does not decrease for five
consecutive epochs). The experiments were conducted on an NVIDIA 4080 GPU, using
PyTorch 2.0 as the software framework. All models were trained and tested under the
same hardware and software environment to eliminate the influence of external factors
on the results. Through these configurations, the fairness of the comparative experiments
and the comparability of the results were ensured.

3.1. Ablation experiment testing. To verify the performance of each module in the
model, ablation experiment testing was conducted, and the results are shown in Table 2.

TABLE 2. Ablation experiment testing

Module configuration FID LPIPS Image diversity
Full model 12,7 0.312 0.874
Disable multi-scale discrimination 15.2  0.289 0.821
Disable dynamic learning rate 14.1  0.298 0.843

Disable both improvements 16.8  0.271 0.795
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Table 2 presents the results of the ablation experiment testing to validate the perfor-
mance of each module in the model. By comparing the FID, LPIPS, and image diversity
metrics under different module configurations, the impact of the multi-scale discrimina-
tion strategy and dynamic learning rate adjustment on the quality of generated images is
comprehensively evaluated. The full model performs best with an FID value of 12.7, an
LPIPS value of 0.312, and an image diversity of 0.874, indicating a good balance between
the realism and diversity of the generated images. When the multi-scale discrimination
strategy is disabled, the FID value increases significantly to 15.2, the LPIPS value drops
to 0.289, and the image diversity decreases to 0.821, illustrating that the absence of local
feature constraints notably reduces the quality and perceptual detail of the generated
images. Disabling the dynamic learning rate adjustment results in the FID value rising
to 14.1, the LPIPS value slightly decreasing to 0.298, and the image diversity reducing
to 0.843, reflecting the impact of unstable style weight updates during the later stages
of training on generation performance. When both improvements are disabled, the FID
value further deteriorates to 16.8, the LPIPS value drops to 0.271, and the image di-
versity is only 0.795, showing that the combined negative effects significantly reduce the
overall quality and personalized expressiveness of the generated images. This verifies the
effectiveness of the two improvement measures and their critical role in enhancing the
presentation of product images in the recommendation system.

3.2. Recommendation accuracy evaluation. To evaluate the recommendation accu-
racy of the front-end Al assistant, after the system generates a list of recommended prod-
ucts using the data from the first three months, it uses the data from the last 1.5 months
to verify whether the user has an intention to buy the product. Statistics can be collected
for user clicks, add to cart, and purchase behaviors (multiple behaviors are counted as
one time), and the model’s prediction accuracy (Accuracy), Sn (Sensitivity), Sp (Speci-
ficity), and MCC (Matthews Correlation Coefficient) for the three types of behaviors are
calculated, respectively. The SVD-StyleGAN3 in this paper is compared with the cur-
rent mainstream intelligent recommendation models such as NCF (Neural Collaborative
Filtering), GSL4Rec (Session-based Recommendations with Collective Graph Structure
Learning and Next Interaction Prediction), HCGCF (Hypercomplex Graph Collabora-
tive Filtering) and FIRE (Fast Incremental Recommendation). The results are shown in
Figure 7.
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. MCC
HCGCF

GSL4Rec

NCF

SVD-StyleGAN3

04 0.5 0.6 0.7 0.8 09 04 0.5 0.6 0.7 0.8 09 04 0.5 0.6 0.7 0.8 0.9
Score Score Score

(a) (b) (c)

F1GUuRE 7. Comparison of recommendation accuracy of each model ((a)
Click; (b) Add to Cart; (c) Purchase)



1682 P. YANG AND C. TANG

Figures 7(a)-7(c) show the prediction comparison of 5 types of models for user click,
add to cart, purchase and other behaviors, where the horizontal axis represents the scores
of 4 types of indicators (Accuracy, Sensitivity, Specificity and MCC), and the vertical
axis represents 5 different models. It can be seen that SVD-StyleGAN3 performs well in
predicting shopping cart behavior, and shows good performance and stability in predicting
the other two behaviors.

In terms of click behavior, the accuracy of SVD-StyleGAN3 is 0.787, which is better
than NCF (0.735) and FIRE (0.654), and second only to GSL4Rec (0.843), showing good
user appeal. For the behavior of adding items to the shopping cart, the accuracy of SVD-
StyleGAN3 significantly increased to 0.895, far exceeding other models, especially NCF
(0.674) and HCGCF (0.741), indicating its effectiveness in converting user interests. In
the purchase behavior, the accuracy of SVD-StyleGAN3 was 0.740. The results show that
SVD-StyleGAN3 performs better in recommendation accuracy. By optimizing content
generation and recommendation effects, it can better meet the needs of e-commerce users
and clearly present product features.

3.3. Recommendation coverage evaluation. The data for a total of 4.5 months was
divided into intervals of 0.5 months, and the model was directly used to generate a list of
recommended products. The ratio of the number of recommended products to the number
of products in the entire product library was calculated (each time a user added an item
to the shopping cart or made a purchase, it was counted as a valid recommendation),
ensuring that the recommended products could fully reflect the diversity of the product
library and avoid the “cold start” problem. The results of each model are shown in Figure

0.275
02501 45
e e -
& 02d & -
I &£ .
e~ 2 vo
% 02001 1
an
s 0%
] \ .
é 0175 C et al Ny 3 '::u.’ﬂ
0.150{ ~*~ NCR :
—a— GSL4Rec L
0.125{ ~* HCGCE i
—— FIRE . 031
- v0.1b
0.100 -— ‘ : = ‘ : , ‘ -
0.5 10 15 20 25 30 35 40 45

Months

FI1GURE 8. Recommendation coverage of each model in different months

In Figure 8, the horizontal axis represents different months, and the vertical axis repre-
sents the recommendation coverage of the five types of intelligent recommendation models
in the e-commerce system. The curve is used to show the changing trend of the coverage
in each month, and the corresponding data points are marked with numerical values.

It can be seen that the coverage of the SVD-StyleGAN3 model is excellent, always main-
tained above 0.2, and reached a maximum value of 0.27 at 2.5 months. It can effectively
recommend diversified products and improve user experience. In contrast, the coverage of
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other models is generally low: NCF’s coverage is only 0.17 at 1 month, HCGCF’s coverage
is 0.24 at 1.5 months, and it drops to 0.19 at 3.5 months. SVD-StyleGANS is superior
to other models in terms of coverage, and can better reflect the diversity of the product
library, thereby effectively avoiding the “cold start” problem, and has good application
prospects in e-commerce recommendation systems.

3.4. Browsing time and number of clicks. After generating a list of recommended
products based on the data of the first three months (user clicks, adding to shopping carts,
purchases, etc., can be considered as recommendations, the same below), the data of the
last 1.5 months is used to record the average stay time of each user on the recommended
product page, and the total number of clicks of all users on the recommended products
is calculated. The comparison results of each model are shown in Figure 9.
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FIGURE 9. Average browsing time and click count of recommended prod-
ucts by each model

In Figure 9, the horizontal axis represents different models, the left Y axis represents the
average browsing time, and the right Y axis represents the number of clicks. The average
browsing time of the SVD-StyleGAN3 model is 33 seconds, and the number of clicks
reaches 690,456, indicating that it can effectively attract user attention and promote more
clicks. The average browsing time of the NCF model is 28 seconds, while the number of
clicks is slightly higher, reaching 704,210 times, showing its advantage in user interaction.
Other models such as GSL4Rec, HCGCF and FIRE have an average browsing time of 31
seconds, 24 seconds and 26 seconds, respectively; the number of clicks is 580,123 times,
620,345 times and 600,789 times, respectively, which are lower than SVD-StyleGAN3 and
NCF. The data shows that SVD-StyleGAN3 performs outstandingly in browsing time and
can extend the time users stay on the recommended product page. It also leads in click
volume. This intelligent learning model has significant advantages in recommendation
accuracy and user experience.

3.5. Purchase behavior conversion rate. After generating the recommended product
list based on the first 3 months of data, the number of purchases of users among the rec-
ommended products was counted using the data from the last 1.5 months. By comparing
the ratio of purchase behavior to recommendation display times, the effectiveness of the
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TABLE 3. Purchase behavior conversion rate of each model for the system

Model Rec.ommendation Purchase count Conversion
display count rate (%)
SVD-StyleGAN3 152,317 21,345 14.01
NCF 145,892 19,876 13.62
GSL4Rec 137,256 15,634 11.39
HCGCF 123,981 12,890 10.40
FIRE 119,432 9,103 7.62

front-end Al assistant in promoting sales was evaluated. The results of each model are
shown in Table 3.

Table 3 shows the purchase behavior conversion rates of different intelligent recom-
mendation models. The SVD-StyleGAN3 model has 152,317 recommended impressions,
21,345 purchases, and a conversion rate of 14.01%, which is the best performance. It has a
great advantage in accurate recommendation and user satisfaction. The NCF model had
145,892 recommended impressions, 19,876 purchases, and a conversion rate of 13.62%,
slightly lower than SVD-StyleGAN3. The conversion rates of other models GSL4Rec,
HCGCF, and FIRE were 11.39%, 10.40%, and 7.62%, respectively, showing a lower sales
promotion effect. The StyleGAN3 intelligent learning model based on SVD optimization
can accurately identify user preferences and significantly promote sales conversion.

3.6. Temporal sensitivity analysis. To adhere to the causality of time series, all ex-
periments by default use the first three months for training and the subsequent 1.5 months
for testing. To further evaluate the impact of temporal shifts on model performance, a
temporal sensitivity analysis was conducted on the dataset. This involved partitioning
the data into three different time period combinations (varying spans and intervals for
training and testing sets) to observe the model’s performance under different temporal
distributions. Within the 4.5-month dataset, the training and testing sets were divided
using a one-month sliding window approach (e.g., “Months 1-3 for training and Months
4-5.5 for testing” vs. “Months 2-4 for training and Months 5-5.5 for testing”). The results
are shown in Table 4.

TABLE 4. Temporal sensitivity analysis results

Training period Testing period Accuracy MCC F1 score

Months 1-3 Months 4-5.5 0.778 0.608 0.721
Months 2-4 Months 5-5.5 0.775 0.605 0.719
Months 3-5 Months 5.5-6 0.773 0.603 0.717

The temporal sensitivity analysis results in Table 4 show that the model exhibits min-
imal performance fluctuations across three different time period combinations, validating
its robustness against temporal shifts. As the training set slides from Months 1-3 to Months
3-5 and the testing set shifts accordingly, the accuracy only slightly decreases from 0.778
to 0.773 (a drop of 0.5%), while the MCC value remains within a narrow range of 0.603-
0.608 and the F'1 score stays stable between 0.717 and 0.721. These results indicate the
model’s low sensitivity to seasonal shopping trends or shifts in user preferences. This sta-
bility stems from the SVD’s ability to extract long-term features from the user-product
behavior matrix, combined with StyleGAN3 dynamically adjusting generation weights via
preference vectors, enabling the model to capture global patterns in historical behaviors
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while adapting to local variations in recent data. For instance, in the most extended train-
ing period combination (Months 3-5), the model maintains an accuracy of 0.773 and an
F1 score of 0.717, demonstrating its reliable and consistent recommendation capability in
dynamic e-commerce scenarios.

3.7. Application evaluation. The study cooperated with universities and sent email
invitations to student groups: participants were required to have some online shopping
experience and had completed online shopping at least once in the past six months. A
total of 200 students were invited to use the front-end Al assistant. The system backend
directly collected user ratings on the front-end page. The results are summarized in Table
5.

TABLE 5. User evaluation of the front-end intelligent Al assistant

. Positive Negative Positive
Aspect Rating feedback  feedback feedback
(1-5) count count percentage

(%)
User interface 4.50 187 13 93.50
Recommendation quality 4.43 179 21 89.50
Response speed 4.44 179 21 89.50
Content relevance 4.43 179 21 89.50
Visual appeal 4.50 190 10 95.00
Information clarity 4.52 187 13 93.50
Personalized experience 4.48 184 16 92.00
Navigation ease 4.49 184 16 92.00
Overall satisfaction 4.48 178 22 89.00

Table 5 shows the user evaluation of the front-end intelligent Al assistant in e-commerce
recommendation. The average score of the user interface is 4.50, and 93.50% of the posi-
tive feedback indicates that the interface is friendly. The average scores of recommendation
quality and response speed are 4.43 and 4.44, and the positive feedback is 89.50%, indi-
cating that there is still room for improvement. The average content relevance score was
4.43, showing the model’s ability to understand user needs. The average visual appeal
score was 4.50, with a positive feedback rate of 95.00%. The average information clarity
score was 4.52, and 93.50% of the positive feedback showed that users were highly sat-
isfied with the information delivery. The average scores for personalized experience and
navigation convenience were 4.48 and 4.49, respectively. The average overall satisfaction
score was 4.48, and 89.00% of the positive feedback once again verified the effectiveness of
the model. The data results show that the Al assistant based on StyleGAN has a better
user experience in e-commerce recommendations.

4. Conclusions. This paper constructs a front-end Al assistant intelligent learning mod-
el based on StyleGAN, aiming to achieve personalized and clear product recommendations
by learning user behavior and feedback in real time. The study used the SVD algorithm to
decompose the user-product behavior matrix, combined the generated preference vector
with the product image, and optimized the StyleGAN3 model to generate an image list
that meets the user’s characteristics. The experimental results show that the model has
an accuracy of 0.787 in click behavior prediction, an actual purchase conversion rate of
14.01%, and an overall satisfaction positive feedback of 89.00%, effectively improving the
accuracy of e-commerce recommendations and user satisfaction. Although certain results
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have been achieved, this paper still has limitations such as insufficient handling of data
sparsity. Future research can further explore better multimodal data fusion methods to
improve the intelligence level and adaptability of the recommendation system and provide
users with more satisfactory services.
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