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Abstract—A Brand Visual Identity System (BVIS) is a crucial
carrier for conveying a brand's core values, but traditional
manual design struggles to meet the demands of efficient and
personalized design in the digital age. Addressing the
shortcomings of existing Multimodal Generative Adversarial
Networks (MM-GANSs) in BVIS design, such as semantic-visual
mapping bias, fragmented element styles, and a lack of quantified
iteration mechanisms, this study integrates attention mechanisms,
perceptual loss, style consistency constraints, and adaptive
optimization strategies to construct an improved automatic BVIS
generation and optimization framework. The model utilizes
publicly available datasets for preprocessing and alignment of text,
color, and graphic multimodal data. Text semantic encoding is
achieved through Bidirectional Encoder Representations from
Transformers (BERT), and multimodal feature fusion is
accomplished using an attention matrix. Adversarial training is
conducted using an improved U-Net and PatchGAN. The model is
then compared and tested with Generative Adversarial Network
(GAN) series models, diffusion models, and Contrastive
Language-Image Pre-Training (CLIP) guided generative models.
Experiments show that the model outperforms the control model
in metrics such as Fréchet Inception Distance (FID), Structural
Similarity Index Measure (SSIM), and Semantic Matching (SM),
demonstrating excellent robustness and generalization ability in
scenarios with noise interference, cross-industry collaboration,
and modality loss. Ablation experiments prove that multimodal
feature alignment is key to improving model performance. The
generated visual elements exhibit a consistent style and good
semantic matching. This study presents a practical intelligent
brand design solution and analyzes the ethical risks of copyright
infringement, counterfeiting, and misuse of Al-generated logos,
providing insights for compliant technology applications and
expanding the engineering application of multimodal generation
models in brand visual design.
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I. INTRODUCTION

In the context of global brand digital transformation, Brand
Visual Identity System (BVIS) is a core intangible asset for
enterprises to convey brand connotation and establish consumer
awareness. The design quality directly affects the brand's market
competitiveness [1]. Traditional BVIS design relies on the
experience of designers and manual iteration, which has
problems such as long cycles, homogenization of style, and
lagging market response [2]. With the rapid development of
Artificial Intelligence (AI) in the field of computer vision,
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Generative Adversarial Network (GAN) has become the
mainstream tool for automatic generation of visual content due
to its unsupervised learning and visual synthesis capabilities [3].
Multimodal Generative Adversarial Network (MM-GAN), as an
extension of unimodal GAN, can integrate text, graphics, and
color information, adapt to the collaborative design needs of
multiple elements such as the BVIS logo, font, and color system,
and is expected to break through the limitations of traditional
manual design [4]. Currently, GAN-derived models have been
used in graphic design and style transfer, but there are still
shortcomings in the specific research on automatic generation
optimization for BVIS [5]. Most existing models only generate
single elements such as logos, making it difficult to model the
style and semantic relationship between components and output
a complete and coordinated visual system [6]. The multimodal
semantic gap is prominent, the mapping accuracy from text
semantics to visual elements is insufficient, and it is difficult to
restore the brand tone [7]. Optimization relies heavily on
subjective human judgment, lacking quantitative indicators and
adaptive iteration strategies for visual communication effects,
which limits practical implementation [8]. Although diffusion
models, Contrastive Language-Image Pre-Training (CLIP)
guidance frameworks, and multimodal Transformers have
excellent semantic understanding and high-definition generation
capabilities, they have high computational costs, and weak style
customization constraints, making it difficult to deploy in a
lightweight manner in professional design scenarios. The GAN
series has more advantages in training efficiency, style
controllability, and industry adaptability, but few studies have
combined BVIS business characteristics to optimize MM-GAN,
making its technical position in the generative Al system
relatively backward [9]. At the application level, practical
obstacles remain: training datasets generally suffer from bias
and class imbalance, reducing the model's cross-scenario
generalization ability. Al-generated brand logos are prone to
copyright infringement and malicious counterfeiting risks, and
the fairness and transparency of the model lack sufficient
discussion, hindering the large-scale implementation of BVIS
intelligent design. To address these research gaps, this study,
based on MM-GAN, introduces an attention mechanism and
improves the U-Net generator and PatchGAN discriminator for
BVIS generation tasks, constructing a technical framework that
includes multimodal semantic fusion, style consistency
constraints, and quantized adaptive optimization. A cross-
industry multimodal dataset is constructed and preprocessed for
alignment. The attention mechanism is used to enhance
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semantic-visual accuracy mapping, ensuring style consistency
across all visual components. Dynamic iteration of results is
achieved based on quantitative indicators of dissemination
effectiveness. This study compensates for the deficiencies in
MM-GAN semantic mapping and style control, supplements a
quantified optimization scheme for design practice, expands the
application of multimodal generation models in brand design,
and provides theoretical and technical references for digital
intelligent brand design. This study also discusses dataset bias,
intellectual property, and ethical risks, promoting the compliant
implementation of generation technology.

II.  LITERATURE REVIEW

As a key vehicle for building brand awareness and
conveying brand value, brand visual identity (BVI) has become
a core issue of academic concern. Existing research mainly
focuses on different dimensions of BVI, providing rich
theoretical and empirical support for understanding the intrinsic
connection between visual elements and brand development.
The following analysis will examine each dimension in
conjunction with relevant literature.

In the research on specific forms and effects of BVI, Vinitha
et al. [10] explored the brand biomorphic visual identity and its
effects from a holistic perspective, revealed the application
value and influence path of biomorphic elements in the brand
visual system, and provided a new perspective for the
differentiated design of BVI. Then, Erjansola et al. [11] focused
on the core visual element of the brand logo, taking the
university merger scene as the research object, and analyzed the
transmission mechanism from brand logo to brand association
and corporate identity. They made clear the key role of identity-
based logo association in the process of organizational
integration, and deepened the understanding of the function of
logo in brand identity construction. On this basis, Singla and
Sharma [12] further refined the research dimension of visual
elements, and discussed the intermediary role of fonts in
connecting brand identity and brand perception. They confirmed
that the matching of font style and brand personality
transmission had a significant impact on consumers’ brand
cognition, and enriched the research system of micro-elements
of BVI.

In the study of cross-scenario application and technology
integration of visual recognition, Tan et al. [13] broke through
the scope of traditional commercial brands and applied the
integration of visual recognition and text recognition to the field
of network security, and proposed a phishing detection method
based on hybrid visual recognition and text recognition. They
verified the feasibility of applying the authentication logic
related to visual recognition in non-commercial scenarios. Turoé
et al. [14] focused on the shared mobility system of smart cities.
They pointed out that visual communication can be used as an
important entry point to improve the system's recognition and
competitiveness, and constructed a framework for the
connection between visual recognition and smart city service
scenarios. In the study of dynamic adaptation of visual elements,
Lelis et al. [15] regarded typography as a constant vector of
dynamic signage and analyzed the core supporting role of
typography in the evolution of dynamic signage. Their research
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provides a theoretical basis for the dynamic development of
visual recognition.

In the research on the theoretical framework and effect
extension of BVI, Andrade et al. [16] constructed a theoretical
framework for the development of visual elements based on the
dimension of brand personality, clarified the matching
mechanism between visual element personality and brand
personality, and provided methodological guidance for the
systematic construction of BVI. Lusianti et al. [17], from the
perspective of brand resonance, discussed the promotion of
brand resonance related to BVI on the sustainable marketing
performance of national medical insurance projects, and
extended the research of BVI to the field of public services. Zha
et al. [18] further expanded the research boundary and brought
visual identity into the category of sensory brand experience,
empirically tested the influence of sensory brand experience on
brand loyalty, and revealed the long-term value of visual
elements as the core of sensory experience.

Combined with the development trend of Al, Cai [19]
discussed the innovative design idea of a brand vision system
under the empowerment of visual communication design, and
analyzed the application path of intelligent technology in the
process of brand vision landing. It provided practical reference
for the research of intelligent visual design. Hwang [20]
explored the method of using generative Al for brand design
through case experiments, and pointed out that Al generation
had the defect of insufficient semantic-brand tone matching,
which required human intervention to correct and optimize. Ho-
dac and Mulder-Nijkamp [21] focused on the field of sustainable
packaging, explored the balance strategy between brand
differentiation and standardization, and expanded the research
boundary of brand visual system in the green design scene.
Chulayevska [22] studied the maintenance strategy of brand
visual image in the process of large-scale development in view
of the brand development status of small and medium-sized
enterprises in the era of AL It provided a marketing reference for
the intelligent visual construction of small and medium-sized
brands.

To sum up, the existing literature has studied brand visual
identity from many dimensions, such as form design, factor
function, scene application, effect communication, etc., and
made clear the important role of visual elements in building
brand image, shaping consumers' cognition, and improving
marketing effectiveness. Related research has gradually formed
a development vein from micro-visual elements to macro-visual
systems, and from commercial scenes to the public domain.
However, the existing research mostly focuses on the static
analysis and effect verification of brand visual recognition. On
the one hand, it lacks the exploration of cutting-edge generation
technologies such as diffusion models, multimodal
Transformers, and CLIP-guided generation, and the application
of the current mainstream text-to-image generation model is not
discussed enough. On the other hand, there is no mature
technical scheme for automatic generation and dynamic
optimization of a brand visual identity system. Especially, there
is little systematic research on the application of a multimodal
generation confrontation network in BVIS construction. The
above research gap has become the core breakthrough point of
this study to carry out research on an automatic generation and
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optimization algorithm of BVIS based on MM-GAN. It has also
supplemented new theoretical and technical directions in this
field.

III.

A. Model Design

The automatic generation and optimization model of BVIS
constructed in this study takes MM-GAN as the core
architecture and integrates multi-source modal data such as text
style description, color parameters, and graphic structure
features. Fig. 1 shows the structure of the GAN.

CONSTRUCTION OF BVI MODEL

In Fig. 1, the model construction first carries out multimodal
data preprocessing and alignment operations, and maps
heterogeneous modal data to a unified feature space, laying a
solid foundation for subsequent generation tasks. The
multimodal input set is defined as X = {X¢, X, X;}. X, stands
for the text style description sequence, X, is the color parameter
matrix, and X, is the basic graphic structure feature. To
eliminate the dimensional heterogeneity between different
modal data, the modal data are standardized. Taking the
normalization of the color parameter matrix X, as an example,
the calculation is shown in Eq. (1), and the values are mapped to
the interval [0,1]:

Xt = Xc—min(X¢)
¢ max(X¢)—-min(X¢)

)

Aiming at the text mode X;, the pre-trained language model
Bidirectional Encoder Representations from Transformers
(BERT) is used to carry out semantic encoding, and the text
semantic feature vector F; is obtained, as shown in Eq. (2):

F, = BERT(X,; 6,) 2)

0y, is the trainable parameter set of the BERT model [23].
Multimodal feature alignment is realized by constructing a
modal attention matrix, the core of which is to calculate the
semantic association weight between text features and color and
graphic features. The calculation of text-color feature alignment
weight is shown in Eq. (3):
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w,, = exp(Fy-Fd /Jdy)

T X exp(FeFL/\di) (3)

F, is the color feature vector, d,, is the feature dimension,
and W, is the text-color alignment weight matrix [24]. Based
on the alignment weights, the multimodal feature fusion is
completed, and the fusion feature Fyygi0, is obtained. The
calculation process is shown in Eq. (4):

FfusionZWtc'Fc'i_th'Eg-}-Ft “4)

W44 is the weight matrix of text-graphic feature alignment.
The generator module adopts the improved U-Net architecture,
and takes the fusion feature Ffyq;0, as the input to generate the
initial BVIS visual sample G (Frysion). The generation process
can be represented by Eq. (5):

G(Ffusion) = U'Net(Ffusion; eg) (5)

04 is the trainable parameter set of the generator [25]. The
discriminator module adopts a PatchGAN structure, and its core
function is to distinguish generated samples from real BVIS
samples. Its discriminant probability output is shown in Eq. (6):

D(Y;6,) = o(PatchGAN(Y; 6,)) (6)

Y is the input sample (including real samples and generated
samples), 8, is the discriminator parameter set, and o stands for
the Sigmoid activation function [26]. The core loss function of
the model countermeasure training includes the generator loss
Ly and discriminator loss Ly, in which discriminator loss
consists of real sample loss and generated sample loss, as shown
in Eq. (7):

Lg = —Ey.p,, ,[10g D(Y)] = E;_p,[log(1 — D(G(£)))] (7)

P,¢qi 1s the true BVIS sample distribution, P, is the potential
distribution of fusion features, and Z is the potential feature
vector [27]. In addition to counteracting the loss, the generator
loss introduces additional perceptual loss to improve the visual
quality of generated samples, and its expression is shown in Eq.

®):
Lg = _[EZ~PZ [logD(G(2))] + /113 : Lpercept(G(Z)J Yreal)(g)

-

Real Real
or (——— Dy or
Fake Fake
Fig. 1. Structure of GAN.
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Ap is the weight of perceptual loss, and Lyercepe is the
function of perceptual loss. Visual Geometry Group 16-Layer
(VGG16) model is used to extract features and calculate
Euclidean distance, as shown in Eq. (9):

L

Lpercept(G(Z): Yiea) = Zl:lﬁ I :(G(2)) — b1 (Yrear) ”%(9)

¢;(-) is the feature extraction function of the [th layer of
VGG16. Hy, W, C; respectively correspond to the height, width,
and number of channels of the | —th layer feature map [28]. To
ensure the style consistency of each visual element (logo, font,
and color) of BVIS, a style consistency constraint 10ss Lgtye is
introduced. Its calculation is shown in Eq. (10):

m
m .
Lotyte = Zi=1 P b1 SIm(S, ) (10)

m is the number of BVIS visual elements, S; is the style
feature vector of the ith element, and Sim(-) is the cosine
similarity function, as shown in Eq. (11):

. 1 Si-Sj
Sim(S;, 5j) = 1 1Sill2-115 2 an

The total loss function of the model is the weighted sum of

each loss term, and the expression is shown in Eq. (12):

Liotas = Lg + a - Lg + .8 : Lstyle (12)

a, [ are the weight coefficients of the generator loss and
style consistency loss, respectively [29]. In the model
optimization stage, the quantitative index of brand visual
communication effect is taken as the guide, and the
communication effect score S,ffec¢ is defined as shown in Eq.

(13):
Seffect =Y R+(1—-y)-A (13)

R is the identity score, A is the audience acceptance score,
and y is the weight coefficient [30]. An adaptive optimization
function based on the propagation effect score is constructed to
realize the dynamic adjustment of model parameters, as shown
in Eq. (14):

Ors1 =0 =1 - Vo,(1 = Sefsect) * Leota (14)

0, is the model parameter set of the t round of training. 1 is
the learning rate. Through iterative training, the model
converges to a stable state, and the BVIS sample output by the
generator meets the convergence condition shown in Eq. (15):

I Ltotal(t + 1) - Ltotal (t) I<e (15)

¢ is the preset convergence threshold [31]. The model solves
the problem of inaccurate semantic-visual mapping through the
multimodal feature alignment and fusion mechanism [32].

B. Experimental Design

1) Model training environment, optimization strategy, and
hyperparameter setting: This study conducts model training
based on the PyTorch 1.12.1 deep learning framework. The
hardware used is a parallel training cluster composed of
multiple NVIDIA Tesla V100 32GB graphics cards. The model
parameters are initialized wusing a standard Gaussian
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distribution to avoid training oscillations caused by extreme
initial parameter values. The training process employs the
Adam optimizer, with the first-order moment estimation decay
coefficient §; =0.9 and the second-order moment estimation
decay coefficient 5, = 0.999. The initial learning rate is set at
1x10*, and a piecewise learning rate decay scheme is adopted.
After every 20 complete iterations, the learning rate is reduced
to 0.8 times the current value, balancing the convergence speed
in the early training stage and the accuracy of parameter fine-
tuning in the later stage. The batch size is set to 16, and the total
number of global iterations is 200. Based on the characteristics
of the model task, the weight coefficients of the loss functions
were determined: the generator loss weight a = 0.6, the style
consistency loss weight f =0.4, the perceptual loss weight
Ap = 0.5, and the visual propagation effect weight y = 0.7.
The convergence determination threshold € is set at 1 X 107>,
When the loss function fluctuation is less than this threshold for
three consecutive rounds, the model is judged to have
converged, and training is terminated. The improved U-Net
network embeds three groups of serial dilated convolution
modules in the encoding stage to expand the feature receptive
field. The attention module adopts an 8-head multi-head
attention mechanism, with a unified feature dimension d; =
128, ensuring the integrity and computational efficiency of
multimodal feature interaction. According to statistics, the
average time per model iteration is 45 minutes, and the
cumulative running time of the complete training process is
approximately 150 hours.

2) Dataset preprocessing, modal matching, and quality
control: In this study, the brand's industry is taken as the core
association logic, and the strong binding matching rules of text-
color-graphic multimodal data are established. The style
description text and color parameter matrix corresponding to
the same brand are matched one by one to the logo graphic
samples one by one, ensuring the semantic homology of
multimodal data from the source. Aiming at the original image
data, a variety of online data augmentation strategies are
introduced, including random cropping, horizontal flipping,
and adaptive fine-tuning of brightness and contrast to enrich the
diversity of samples. At the same time, the median filtering
algorithm is used to denoise the image to eliminate the salt-and-
pepper noise and clutter interference generated in the process
of acquisition and transmission. Aiming at the problems of
category imbalance and domain deviation in the dataset, the
hierarchical resampling algorithm is used to balance the sample
set. The sample distribution ratio is adjusted according to the
industry and style dimensions to weaken the negative impact of
data deviation on the generalization ability of the model. All
labels of the datasets are labeled by professionals in the field of
visual design according to the unified labeling specifications.
After the labeling work is completed, two rounds of cross-
checking and sampling verification are carried out to eliminate
invalid and mislabelled samples, thus fully ensuring the
standardization, accuracy, and credibility of labels.
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3) Multi-modal feature alignment, fusion and complete
operation process: After the normalized pretreatment of
different modal data, the text semantic coding is completed by
the BERT model, and the text feature vector with a fixed
dimension is generated. The modal features of color and
graphics are extracted synchronously, and the semantic
association weights between text-color and text-graphics are
calculated based on the modal attention matrix to achieve
accurate alignment of cross-modal features. Based on the
calculated attention weights, the multi-modal feature weighted
fusion is completed, and the fusion feature vector is generated
and input into the improved U-Net generator, and the initial
brand visual identification system sample is output. The
samples are sent to the PatchGAN discriminator to complete the
authenticity discrimination, and the network parameters are
updated by combining the resistance loss, perception loss, and
style consistency loss. After each round of training, adaptive
parameter optimization is performed based on the
comprehensive score of visual communication effect, and the
network weights are dynamically adjusted. The entire iterative
process continues until the model loss function meets the
convergence condition, ultimately outputting a brand visual
recognition system solution with a unified style and semantic
matching.

IV. DATA SOURCE

All the experimental data in this study are taken from public
authoritative datasets, and the reliability of the data has been
verified in many studies in related fields, which can effectively
support the related research work of brand visual identity. Logo
Detection 3 K dataset (LOGO DET-3K) is selected as the image
graphic data, which is divided into 9 categories and 3,000 sub-
categories, including 158,652 brand logo images and 200,000
labeled data. It is widely used in tasks such as brand logo
detection and visual generation, and many related research
studies in the industry have used this dataset to carry out
experiments. The dataset is accessed at
https://blog.51cto.com/u_16099190.

The color modal data is taken from the audio-visual cross-
modal correlation dataset of the National Basic Science Public
Science Data Center. The dataset is constructed based on the hue,
saturation, and lightness color space, covering 8 hues, 32
standard color cards, and 50 groups of three-color color
matching samples. It has complete color parameters and color
scheme data, and can support color feature extraction, color
semantic association analysis, and other work. The dataset can
be accessed at
https://www.nbsdc.cn/general/datalinks/16666.11.nbsdc.

The text style data adopts the Chinese text style classification
test set of Magic Community. The dataset contains four typical
text styles: news, science and technology, spoken language, and
e-commerce, which can meet the model training needs of brand
text semantic coding and style matching. The access address of
the dataset is
https://www.modelscope.cn/datasets/IIC/NLP_style classificat
ion_Chinese _testset.
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In the data usage stage, this study is based on the industry of
the brand and describes the graphic samples, color parameters,
and texts corresponding to the same brand. Binding and pairing
to realize semantic homology of multimodal data. To solve the
problems of class imbalance and data deviation in the dataset,
this study uses the stratified resampling method to balance the
number of samples, and optimizes the original images through
image augmentation operations such as random cropping,
horizontal flipping, brightness fine-tuning, and the median
filtering algorithm to improve data quality. All data labels are
uniformly marked by professionals, and two rounds of cross-
checking are completed to ensure accurate and reliable labeling
results. In Tables I to IV, the characteristics of the dataset,
experimental hardware environment, experimental software
environment, and model core parameters used in this study are
shown in turn.

TABLE L. STATISTICS OF MULTIMODAL EXPERIMENTAL DATASETS
Dataset Name Data Type Data Scale
9 categories, 3,000 subcategories,
LogoDet-3K Graphic mode | 158,652 images, and 200,000
labels.
Audio-visual 8 tones, 32 standard color blocks,
cross-modal Color mode 50 sets of three-color color
correlation dataset matching.

Chinese text style Four styles: news, science and
classification test | Text mode technology, spoken language and e-
set commerce

Data source: Compiled by the author.

TABLE II. EXPERIMENTAL HARDWARE CONFIGURATION
Hardware Type Specific Configuration
CPU Intel Xeon Gold 6248R 2.5GHz
GPU NVIDIA Tesla V100 32GB
RAM 128GB DDR4 2933MHz
SSD 2TB SSD+10TB HDD
Graphics memory A single ?ard is' §2GB, which supports multi-card
collaborative training.

Data source: Compiled by the author.

TABLE IIL. EXPERIMENTAL SOFTWARE ENVIRONMENT AND DEPENDENT

LIBRARIES

Software Category Specific Version/Tool
Ubuntu 20.04 LTS

PyTorch 1.12.1

Python 3.8.16

OpenCV 4.5.5

Operating system

Deep learning framework

Programming language

Visual processing library

Data source: Compiled by the author.

TABLEIV.  DATASET PARTITION AND REPEATED-EXPERIMENT
PARAMETERS
Value/
Parameter Category Parameter Name Configuration
Data partitioning Training set proportion 80%
Data partitioning Verification set proportion 10%
Data partitioning Test set proportion 10%
Training parameters Numbpr of repeated 10 rounds
experiments

Data source: Compiled by the author.
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V. EVALUATION OF MULTIMODAL BRAND IDENTITY
MODEL

A. Comparative Evaluation of Core Performance Indicators

Based on the standard data division (80% of the training set,
10% of the verification set, and 10% of the test set), three core
dimensions, namely, generation quality, semantic mapping
accuracy, and style consistency, are selected and compared with
mainstream models. After 10 rounds of repeated experiments,
the random error is reduced, and the analysis results of the mean
value, standard deviation, and significant differences between
models are presented below. Fig. 2 shows the results of
comparative evaluation of core performance indicators.

In Fig. 2, the lower Fréchet Inception Distance (FID) and
Style Feature Distance (SFD) represent the higher quality of
generated samples and the better style consistency. The higher
Structural Similarity Index (SSIM) and Semantic Matching (SM)
indicate that semantic mapping accuracy and visual structure
similarity are better. The data show that the proposed model is
significantly superior to the traditional GAN, DCGAN (Deep
Convolutional ~ Generative  Adversarial Network), and
mainstream multimodal generation models in all core indicators:
the FID average of 16.9 is 24.9% lower than StyleGAN2, and
Frechet Inception Distance (FID)
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the SFD average of 0.82 is 40.6% lower than MM-GAN. SSIM
and SM are 0.92 and 0.89, respectively, which are 27.8% and
30.9% higher than the basic GAN. At the same time, the
standard deviation of each index of the proposed model is the
smallest, which shows that the training stability of the model is
stronger. This verifies the effectiveness of the multimodal
feature alignment mechanism and style consistency constraint.
It can effectively eliminate the barriers of semantic-visual
mapping and improve the accuracy and coordination of BVIS
generation.

B. Quantitative Evaluation of Model Robustness and
Generalization Abilities

Aiming at the heterogeneity of data and the complexity of
scenes in practical applications, a multi-scenario quantitative
test is designed. It includes three types of test scenarios: data
noise interference (Gaussian noise, salt-and-pepper noise),
cross-industry data adaptation (beauty, science and technology,
catering), and modality missing adaptation (single-modal input,
dual-modal input) to quantify the stable performance of the
model under complex conditions. Fig. 3 shows the results of
quantitative evaluation of model robustness and generalization
ability.

Structural Similarity Index (SSIM)

SSIM Value

GAN SeaaN W‘Gbiw\e‘;";?;seﬁw"‘e‘

Models

Style Feature Distance (SFD)
I HNE W |

—&— Mean = Std
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Fig. 2. Results of comparative evaluation of core performance indicators.

54|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

NC under Varying Gaussian Noise Intensity
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Fig. 3. Results of quantitative evaluation of model robustness and generalization ability.

In Fig. 3, the proposed model shows significant advantages
in the noise-interference scene: the value of Noise Coefficient
(NC) reaches 0.82 under 6=0.3 Gaussian noise, which is 12.3%
higher than that of StyleGAN2. When the salt-and-pepper noise
density is 0.3, the NC value is 0.79. It is 27.4% higher than that
of MM-GAN, which verifies the strong anti-noise robustness. In
cross-industry adaptation, the average value of total CA is 2.64,
which is 32.7% higher than that of basic GAN. The beauty,
technology, and catering industries all maintain high accuracy
and outstanding generalization ability. In the scene of modal
absence, the single-text-input Performance Retention (PR)
reaches 0.84, and the dual-modal-input PR reaches 0.93. It is
much higher than the contrast model, reflecting the effectiveness
of the modal adaptation mechanism. On the whole, the proposed
model is more stable under data heterogeneity and scene
complexity. Its robustness and generalization ability can meet
the practical application requirements of brand visual
identification.

C. Evaluation of Ablation Experiment

To verify the independent contribution and synergistic effect
of the core modules of the proposed model, an ablation
experiment is designed to remove the multimodal feature
alignment mechanism, style consistency constraints, and
adaptive optimization modules one by one. The core

performance indicators (FID, SSIM, SM, NC) are used as the
evaluation basis to compare with the complete model. The
experiment is based on the same dataset and training parameters.
The effects of each module are isolated by the control variable
method. The following is a quantitative analysis of the influence
of each module on the model generation quality, robustness, and
generalization ability, and the necessity of key technologies is
clarified. Fig. 4 shows the results of the ablation experiment.

In Fig. 4, the ablation experimental results show that the
complete model is the best in all core indicators: the lowest FID
value (16.9) and the highest SSIM, SM, and NC values, which
verifies the effectiveness of the synergy of each module. After
removing the multimodal feature alignment mechanism, each
index degrades most significantly, with FID rising by 69.8% and
SM dropping by 19.1%, which shows that this module is the core
to ensure semantic matching and generation quality. The lack of
a style consistency constraint leads to a reduction in the
structural similarity of generated content, while the adaptive
optimization module mainly affects the anti-noise ability of the
model (NC decreases by 7.9%). On the whole, the three modules
are irreplaceable, and the contribution of the feature alignment
mechanism is the most critical. Together, the three modules
improve the generation quality, robustness, and semantic
matching ability of the model.
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Fig. 4. Results of ablation experiment.

D. Comprehensive Evaluation Results

To highlight the comprehensive performance of this model,
this study comprehensively analyzes the model through deeper
comparative evaluation. Tables V-IX show the comprehensive
evaluation results of the model.

In Tables V-IX, combined with the experimental data of
each group, it shows that the comprehensive performance
advantage of this model is remarkable. The data in Table V show
that the FID value of this model is 16.9, which is the lowest
among all comparison models, representing the best image
generation quality. SSIM reaches 0.92. The semantic matching
degree is 0.89, which is far superior to traditional models such
as basic GAN and DCGAN, and superior to the CLIP guidance
model and diffusion model. It proves that the multi-modal fusion
scheme in this study can effectively improve the visual
restoration degree and the text-visual semantic matching ability.
The statistical results in Table VI show that the standard
deviation of each index is small, the 95% confidence interval is
narrow, and the p-values are all less than 0.05. This shows that
the model performance is stable and the experimental results are
statistically significant. The Kappa coefficients of all indicators
in Table VII are higher than 0.8, which proves that the
evaluation criteria of self-defined indicators such as semantic
matching degree and communication effect score are scientific

and the results are credible. From Table VIII, the parameters and
reasoning time of this model are much lower than those of CLIP
and diffusion models, which ensures the generation effect and
gives consideration to the operation efficiency. In Table IX, in
the cross-dataset test, the indicators of the model only drop
slightly. There is no obvious performance decline, which shows
excellent generalization ability. On the whole, this model is
balanced in terms of generation quality, stability, operation
efficiency, and cross-scene adaptability, and can adapt to the
actual design requirements of a brand visual identification
system.

TABLE V.  COMPARATIVE RESULTS OF CORE PERFORMANCE INDICATORS
FOR DIFFERENT GENERATION MODELS
Model FID | SSIM Semantic
Matching Degree
Basic GAN 225 0.72 0.68
DCGAN 21.1 0.71 0.67
StyleGAN2 22.6 0.79 0.72
CLIP-guided generation model | 19.3 0.83 0.77
Diffusion model 18.2 0.85 0.80
The proposed model 16.9 0.92 0.89

Data source: Compiled by the author.
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TABLE VI.  VERIFICATION RESULTS OF INDICATOR CONSISTENCY
o,
Evaluation Mean | Standard 95% Significance
Indi N Confidence
ndicator Value | Deviation (p-Value)
Interval

FID 16.9 0.42 [16.48,17.32] | p<0.05
SSIM 0.92 0.018 [0.902,0.938] | p<0.05
Semantic
matching degree 0.89 0.021 [0.869,0.911] | p<0.05
Noise figure 0.82 0.015 [0.805,0.835] | p<0.05
Cross-industry
adaptation 2.64 0.033 [2.607,2.673] | p<0.05
accuracy
Performance 0.84 | 0.024 [0.816,0.864] | p<0.05
retention rate

Data source: Compiled by the author.

TABLE VII.  CONSISTENCY VERIFICATION BETWEEN MANUAL SCORING
AND ALGORITHM SCORING
Evaluation Algorithm Artificial Kappa
Indicator Average Score | Average Score | Coefficient
Semantic matching
degree (SM) 0.89 0.87 0.86
Communication 086 085 0.84
effect score
Performance
retention rate (PR) 0.84 0.83 0.82

Data source: Compiled by the author.

TABLE VIII. PARAMETER SCALE AND INFERENCE EFFICIENCY
COMPARISON OF VARIOUS MODELS

Model Parameter Quantity Single Sample
(Ten Thousand) Inference Time (ms)
Basic GAN 426 28.6
DCGAN 512 32.1
StyleGAN2 1286 65.3
g;l;;gt?;r? iﬂodel 2133 927
Diffusion model 1869 84.2
The proposed model 675 36.5

Data source: Compiled by the author.

TABLEIX.  CROSS-DATASET GENERALIZATION PERFORMANCE TEST OF
THE PROPOSED MODEL
Semantic Matching
Dataset FID SSIM Degree (SM)
Original dataset 16.9 0.92 0.89
Logo-2K+dataset 17.5 0.90 0.87

Data source: Compiled by the author.

VI. CONCLUSION

In the context of global brand digital transformation,
traditional BVIS design heavily relies on the subjective
experience of designers, resulting in problems such as long
design cycles, style homogenization, and delayed market
response. Multimodal generative adversarial networks offer a
new approach to intelligent BVIS generation, but still face
technical bottlenecks such as insufficient accuracy in
multimodal semantic mapping, inconsistent visual element
styles, and a lack of quantitative optimization mechanisms. This

Vol. 17, No. 8, 2026

study uses MM-GAN as the basic architecture, integrating
attention mechanisms and adaptive optimization strategies to
complete multimodal data preprocessing alignment, feature
fusion, generation constraints, and dynamic optimization,
constructing an automatic BVIS generation and optimization
algorithm. Experimental results show that the proposed model
achieves a Fraser Inception distance of 16.9, significantly
outperforming StyleGAN2. The structural similarity index and
semantic matching (SM) reach 0.92 and 0.89, respectively. The
model also demonstrates good anti-interference ability and
generalization performance in scenarios with noise interference,
cross-industry adaptation, and modality loss. Ablation
experiments confirm that the multimodal feature alignment
mechanism is the core module of the model, style consistency
constraints ensure the internal coordination of the visual system,
and adaptive optimization improves scene adaptability. These
three elements synergistically enhance generation quality,
semantic matching accuracy, and model robustness, providing
technical support for BVIS intelligent design. Compared to
diffusion and CLIP models, the proposed method has
advantages in training efficiency and industry customization,
but there is still room for improvement in detail generation
capabilities. This study also discusses ethical application risks
such as dataset bias, copyright of Al-generated content, and
brand counterfeiting. Due to data limitations, the current dataset
has limited industry coverage. Future research could expand the
dataset with more perceptual modal information to extend the
dynamic brand visual recognition system generation task,
further enhancing the algorithm's engineering application value.
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