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Abstract

To address the dual requirements of cultural expression and engineering implementation in the visual
design of time-honored brands, this study proposes an adaptive optimization architecture based on
Stable Diffusion. The framework employs Textual Inversion to derive composable cultural tokens and
utilizes LoRA/DreamBooth parameters for the efficient fine-tuning of both generic and proprietary
styles. By integrating ControlNet and IP-Adapter, the system achieves a fusion of layout and style
priors, while a dual-channel gating mechanism enables collaborative control over semantics and
composition. During inference, reliability in prompt adherence is calibrated through CFG-Rescale,
attention reweighting, and temperature scaling. Extensive experiments on publicly available multimodal
datasets and real-world brand scenarios demonstrate a significant improvement in the alignment between
objective metrics and human evaluations. The method's stability and necessity are confirmed through
robustness tests and component ablation studies, while A/B testing reveals its distinct advantages in
cost-effectiveness and operational efficiency. This research ultimately provides a replicable and
verifiable technical solution for the visual generation needs of both cultural heritage and commercial
brands.
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1 Introduction

In recent years, diffusion models have shown outstanding capabilities in the field of visual generation,
but they have shortcomings in cultural expression and brand visual design. Deng et al. used a low-rank
adaptive diffusion model to create images of cultural relics, proving that lightweight fine-tuning can
efficiently preserve cultural characteristics [1]. Bao et al. combined Stable Diffusion with low-rank
adaptation to promote the sustainable design of blue and white porcelain cultural genes and opened up a
new way for the visual generation of cultural heritage [2]. Alharbi et al. suggested introducing cultural
themes into the diffusion model to strengthen semantic consistency, but its generation quality and
composition stability are still not up to standard [3]. Li et al . used StyleGAN combined with Stable
Diffusion to realize personalized style construction, providing guidance for brand visual planning [4].
Luccioni et al . noticed the bias in the social and cultural representation of diffusion models and called
for research to pay attention to cultural equity [4]. Cioni et al. used diffusion models to enhance and
retrieve cultural relics images, which improved cross-modal semantic correlation [5]. Liu et al. found
that there are cultural differences in text-to-image generation, indicating that existing models have
difficulties in accurately presenting non-Western contexts [6]. Zhang et al. sorted out the key issues and
optimization strategies of diffusion models to support the implementation of model robustness research
[7]. Kabir et al. pointed out that localized training and data augmentation are of great significance to
regional cultural generation [8]. Furthermore, research on artificial intelligence and security and trust
issues is of great significance to this work. Focusing on Al-driven IoT and supply chain scenarios,
previous research designed a secure and efficient authentication protocol and link protection mechanism
for Al environments, emphasizing the traceability and auditability of data access and model invocation
processes in complex business processes, providing a model for introducing compliance control into the
AIGC generation link. The work on "Al-driven cybersecurity applications and challenges"
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systematically examined the application potential and limitations of Al models in threat detection, risk
assessment, and defense decision-making, indicating that in addition to model performance, security
risks and governance frameworks must also be considered [9-10]. The above research improves the
existing AIGC system's discussion of '"reliability and compliance" from the perspectives of
authentication and security governance, which aligns with the goal of this paper: a reusable and
auditable brand visual generation path [11].

Current research indicates that diffusion models have shown potential in cultural visual generation,
but significant shortcomings remain in cultural feature fidelity, semantic control, and standardized
evaluation. This paper focuses on the visual design context of time-honored brands, constructing a
multimodal cultural feature embedding and generation quality assessment system based on Stable
Diffusion to achieve accurate reconstruction and controllable generation of cultural imagery. The core
contributions of this research include: using a cultural feature embedding mechanism and a multimodal
constraint fusion strategy to create assessment indicators for cultural fidelity and generation consistency,
and verifying the adaptability of the model to real brand datasets. The paper consists of dataset
construction, method design, experimental analysis, ablation research, and conclusions and prospects.

2 Dataset Construction and Problem Definition

2.1 Decomposition of Visual Elements of Time-Honored Brands

Based on the element system of "identity-pattern-color spectrum-layout-material/craft imagery", this
study screened brand graphic and glyph information from the Logo detection corpus (LogoDet-3K
contains 33,000 brand categories and 158,652 image samples; OpenLogo involves 352 brands and
27,083 images) to carry the structural and stroke information of "trademark/glyph", thus becoming a
basis for learnable cultural symbols. To highlight the "material/craftsmanship imagery," visual materials
of clothing/materials (DeepFashion2, containing 491,895 images and 801,732 instance masks) were
selected to extract the texture, luster, and craftsmanship details of the fabrics. Focusing on "object
patterns,”" patterns and object motifs from Dunhuang murals (MuralDH, approximately 5,000 high-
resolution images) were used as style references. For "layout composition," a large-scale page layout
mask (>360k pages) provided by PubLayNet was used to set spatial priors and typographic constraints
during the generation stage. To achieve a controllable presentation effect of font details, CASIA-HWDB
(approximately 3.9 million offline character samples, 7,356 categories) was used to analyze stroke styles
and structural variations, assisting in the migration of font styles for traditional brands and the redrawing
of synthetic fonts. The above corpus achieved a three-way fit of "text token—visual prior—Ilayout prior"
in the Stable Diffusion framework, achieving cross-element combination control, as shown in Figure 1.
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Fig. 1. Classification and characteristics of cultural elements

2.2 Task Definition

The problem is designed as multimodal controllable generation: input includes text prompts
x, (containing cultural references T = {t,.} ), reference images x, (single or combined forms of style,
pattern, and layout), and layout/sketch/semantic segmentation priors m . The goal is to generate high-

quality images that conform to the brand's cultural requirements J . At the diffusion sampling step

s=1...8, denoising is achieved using a conditional noise predictor o, (zs| x,,xr,m) .
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Corresponding latent space noise state O presents z, a standard Gaussian noise pattern. To ensure the
matching degree between brand colors and spot colors, a color difference penalty system is constructed.
This (L*,a*,b*) includes the CIE Lab space component ; the average color palette of the target brand

is considered during the generation phase. (Z*,E*,g ) Minimization constraints are implemented to

prevent color shifts. Layout consistency is standardized by improving m the IoU of the layout mask ,
maintaining the stability of the space ratio of the title area, main image area, and decorative patterns.
This definition can be carried out during training and inference, which is beneficial for matching and
evaluating with Logo/layout/material corpora in the literature (DeepFashion2 mask, PubLayNet layout,
LogoDet-3K/ OpenLogo brand class support variables and supervision signals).

2.3  Dataset Collection and Cleaning

As shown in Table 1, all data used in this study are derived from publicly available academic
datasets: LogoDet-3K and OpenLogo disclose brand graphic distribution and multi-scene backgrounds;
DeepFashion2 contains material textures and segmentation mask data; PubLayNet provides prior
knowledge of typography that can be transferred to posters/packaging; MuralDH provides artifact
patterns and era markers; and CASIA-HWDB provides stroke and configuration variations. The cleaning
process follows a five-stage approach: license review, deduplication, quality screening, modal
alignment, and privacy and compliance review. Initially, academic licenses are screened based on the
original license and README terms; then, pHash and local sensitive hashing are used to eliminate
duplicates, followed by removal based on resolution/fuzziness thresholds; next, brand logos, fonts,
layout masks, and material patterns are integrated into a unified multimodal schema according to a
unified ID standard; finally, potential trademark rights and culturally sensitive elements are manually
reviewed, and text prompts are generated based on rule templates and CLIP reverse retrieval,
eliminating the introduction of subjective description bias. As shown in Figure 2:
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Fig. 2. Data Sourcing * Licensing * Cleaning * Schema

Table 1. Brand-culture multimodal dataset statistics

Brand Text Layout Style Era Color . .
Source (Brand) Images Split (train/ val /test)
(classes) Prompts Masks Refs Tag | Palettes
n/a (official
LogoDet-3K 3,000 158,652 0 0 158,652 | 0 0
benchmark)
n/a (benchmark
QMUL - OpenLogo 352 27,083 0 0 27,083 0 0
protocol)
. 390,884 /33,669 /
DeepFashion2 0 491,895 0 800,732 | 491,895 | 0 0
67,342
PubLayNet 0 ~360,000 0 ~360,000 0 0 0 n/a (pre-train corpus)
MuralDH .
0 ~5,000 0 0 5,000 v 0 n/a (heritage corpus)
(Dunhuang)
CASIA-HWDB =~3,900,000 official train/test
0 0 0 0 0 0
(glyph) chars subsets
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Note: DeepFashion2's "Layout Masks" are displayed as total data segmented pixel-level per instance;
PubLayNet 's "Layout Masks" are displayed as page-level geometric layout mask styles; the remaining
fields are counts of whether the original corpus contains the modality, with the official paper/homepage
serving as the source for statistics and segmentation.

2.4  Cultural Attribute Labeling and Consistency

Cultural attributes are integrated into five categories: pattern type, artifact category, era label, color
palette constraints, and writing style. A two-tiered annotation procedure is adopted: the basic layer is
undertaken by trained annotators, and the expert layer reviews conflicting samples and boundary
conditions, using Cohen's K consistency measure.

=t @
1-p,

The observed consistency rate Po s represented by , Pe serving as an indicator of the random
consistency rate, and is calculated based on the overall distribution of the categories; when

Ke [0'61’0'80] it is determined to be "significantly consistent" , [0'81’1'00] The result was judged as

"almost identical" . To reduce cultural bias, the expert panel included reviewers with backgrounds in
brand design and cultural heritage. Entries involving historical symbols, religious motifs, and regional
taboos were labeled "secondary review" and "unable to determine,” thus initiating a redistribution
process based on uncertainty thresholds. To optimize cross-modal matching, layout masks and pattern
areas were annotated with polygonal instances and cross-validated with text labels. The color spectrum
used a palette centered on spatial clustering from CIE Labs. Subsequent evaluation and generation

*

processes used ... AE,, Constraints on color difference upper limits. X The adoption and interpretation
of thresholds follow generally accepted statistical standards; era labels are primarily derived from
MuralDH metadata, and brand patterns are collected from logo/packaging images. See Table 2 for
details.

Table 2. Cultural attribute distribution & agreement

. Prop. | « (algo- .
Attribute (Proxy) Levels Frequency Notes (verifiable source)
(%) | vs-algo)
194.261 LogoDet-3K target bounding box
Logo Brand Class 3,000 b'7 ; 100.0 | 0.82 annotation (accessible via
objects
) papers/repositories)
. QMUL - OpenLogo Announces
Logo Open-Set Brand 352 27,083 images | 100.0 0.79 L
Distribution
L ~360,000 . .
Layout Element Type |{ text,title,list,figure,table } 100.0 | 0.86 PubLayNet automatically aligns tags
pages
Segmentation Masks . DeepFashion2 Instance Segmentation
13 categories (parts) 800,732 masks| 100.0 [ 0.88 .
(Garment/Part) Statistics
Era Tag . . .
. {By eras in data element} |~5,000 images | 100.0 | 0.76 MuralDH metadata (with cave/era)
(Heritage Meta)
Glyph Category . ~3,900,000 .
7,356 categories 100.0 | 091 CASIA-HWDB Category-Level Labeling
(HWDB) characters

3 Methods: Cultural Feature Embedding and Multimodal Control in Stable
Diffusion

3.1 Embedding of Cultural Features

As shown in Table 3, focusing on abstract cultural concepts such as "patterns, objects, crafts, and
seasonal colors", a composable vocabulary is first created. Textual Inversion is then used to transform

these concepts into trainable embedding vectors {vk }le , which then share the CLIP word vector space
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with the general vocabulary. Embedding is integrated with layout and style channels via Token Fusion
Gate, and the SD text conditional module is accessed. Diffusion denoising takes conditional noise
regression as its core objective.

Lig =B, | c—¢, (Zt| X ({vig}):xref’m)”i
3)

Among them , Z, the latent noise state is defined as 0 ~N (0,/) a standard Gaussian noise category,

X, serving as a style/pattern reference, m a layout mask, and achieving semantic-image alignment.

InfoNCE contrastive learning is applied in the CLIP space.

Lo, =—log exp(<ﬁxt’f;mg>/ z’)
2exp((fis fid ) 7)

“4)

Here, f,fin, the encoding is for text and images, 7 > 0 and for temperature. To limit attention from

extending into non-cultural areas, a sparsity regularization is applied:

Lsp = A’l” Aculture”l (5)

The overall loss is [value missing L =L +L,, +L +L,_, ]. This design achieves the convergence

of cultural semantics and realizes a controllable state of color and layout. Figure 3 presents the overall
pipeline architecture of the method, showing the connection relationship between text tokens, style
references, layouts/sketches, SD- UNet /CLIP sub-modules and loss terms.

Diffusion Loss
Ly |le— eatzle)|

Leur Teex
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An

Color Loss
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Fig. 3. Proposed multimodal cultural embedding & control pipeline

Table 3. Textual inversion & tokenization config

Token Group | Embedding Dim d |Init 6| LR (TI) | Steps|Batch | Prompt-Prior A_pp | Sparsity A 1| Color A 2| Max Tokens / Prompt
Motif 768 0.010] 5e-4 |[6000| 8 0.50 1.00 0.60 3
Artifact 768 0.010] 5e-4 |[6000| 8 0.50 1.00 0.40 2
Craft 768 0.008| 4e-4 [5000| 8 0.40 0.80 0.30 2
Season Palette 768 0.008| 4e-4 [5000| 8 0.30 0.60 1.20 2
Glyph 768 0.012| 6e-4 [8000| 8 0.60 1.40 0.20 4

3.2 Efficient Parameter Fine-Tuning

While keeping the major parameters of the base diffusion model unchanged, low-rank updates AW =
AB T are performed on the Cross-Attn, To-K/To-V, and ResBlock projection layers of the U-Net using
hierarchical LoRA. To control capacity and prevent overfitting, the rank rrr decreases with increasing
layer depth. A dual-path LoRA, "shared-exclusive", handles the brand's public and private styles: the
shared path aggregates cross-brand common "objects/patterns/crafts," while the exclusive path locks in
brand boundary scenarios. DreamBooth is only enabled for brands with limited sample sizes to enhance
the main form and exclusive decorative effects. Embedded fine-tuning ensures that the Textual Inversion
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learning rate is lower than the LoRA path level, eliminating word vector drift. To reduce the forgetting
rate, elastic weights are added to the LoRA parameters for solidification regularization.

Lo =4 YF(6-07) (©)

For 6 the old task F, are an approximate representation of Fisher information, with the main

objective being :

ewc
OLora Vi

For multi-brand mixed batches, alternating improvements are made, and memory usage is reduced by
using half-precision and gradient accumulation. This strategy achieves "reusable cultural tokens" while
enabling rapid cross-brand adaptation and controllable inference latency. See Table 4 for relevant
details:

Table 4. Parameter-efficient tuning plan ( 1oRA / dreambooth / embedding)

Module / Layer Targets LoRA Rank | Scale | Trainable Params LR EWCA Notes
T o M) 3
U-Net-Hi (attn blk 1-2)| To-Q /To-K / To-V 16 16 8.2 lz- 2.0 5122 resolution
U-Net-Mid Cross-Attn + FFN proj 8 8 5.6 8e- 1.5 style/l.ayout
S dominant
U-Net-Lo (res blk) Conv1x1 proj 4 4 2.1 6§_ 1.0 geometry stability
DreamBooth (few- class prior + prior- o o 34 2e- — |10-20 images / brand
shot) pres. 6

Textual Embedding cultural tokens — — 0.6 1;:- — rest vocab f

3.3 Multimodal Control

Layout priors, edge or depth maps guide the mapping process, relying on ControlNet to access U-Net
multi-scale residual branches; the IP-Adapter collects global and local style vectors from the reference
map to construct the style, and the two-way conditional culture is embedded in a dual-channel control
gate.

h= ahculture + ﬂhlayoul + }/hstyle’ a+ ﬂ + Y= 1’ a, ﬁ’y € [09 1] (8)

h

style

These hculture > h1

conditions ; &, #,7 Regularization, which can be provided by learnable gating or user-defined sliders,

respectively serve as cultural tokens, layout, and style presentation

ayout ?

can enhance layout consistency and ensure geometric stability.

Liw =4 (1-10U (M. M, )) ©)

gen?

The semantic mask corresponding to the generated result is either the input layout mask or the mask
predicted from the reference image. The style transfer intensity is controlled by the Gram matrix
matching terms to prevent the pattern from "blurring". M, During M, the training period, sub-tasks
of "layout only/style only/both" are dynamically selected to improve the practicality and reliability in the
actual design process. Figure 4 presents the alignment visualization of Token-to-Concept: the t-SNE on
the left shows the cluster distribution of tokens of different cultures, and the attention heatmap on the
right shows the component-level salient areas.

—9] —
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Fig. 4. Token-to-concept alignment visualization

3.4 Inference-time Calibration and Constraints

The Inference is implemented using CFG and CFG-Rescale to suppress over-amplification:

g,
¢ =1 wie(zl @)~ wey(al D), 6 :%é (10)
C

The weights are used to guide the allocation of attention to cultural regions, and the objective
variance is used to reflect this, Ot thereby w enhancing the recognizability of key components.

A':AO(1+771mhm) an

The cross-attention 4 map 7 >0 is used as an enhancement coefficient to achieve cue compliance.
The calibration head is trained using the validation set to predict the cue consistency probability p, and
temperature scaling is used for subsequent processing.

Pr =o(—logi7’,(p)), T>0 (12)

Based on this, a reliability curve is plotted and the expected calibration error is calculated:

n

ECE = b | acc(b)—conf (b) | (13)

B
b=1 1

At the same time, color difference and soft layout constraints are retained as inference penalties and
introduced with gradually decreasing weights in step sampling to prevent overfitting of details.
Ultimately, a controllable trade-off of "cultural fidelity, compositional stability, color fidelity, and
cost/latency" is achieved, ensuring that the visual design of time-honored brands is reusable and
auditable.

4 Experiment and Evaluation

4.1 Experimental Setup

To verify the effectiveness of the overall approach of "cultural feature embedding—multimodal
control—inference calibration," three complementary segmentation methods were employed: first, brand
removal, which removed target established brands from the training set to measure cultural fidelity and
compliance with prompts in the context of cross-brand migration; second, era-specific retention, which
constructed cross-era inference scenarios for patterns from different periods based on MuralDH
historical tags to examine the stability across style domains; and third, implementation of standard
random segmentation to facilitate indicator aggregation and significance testing. The indicator system
encompasses objective quality (FID, Gen. Precision/Recall, Diversity) and semantic consistency
(CLIPScore , Prompt Adherence), and also incorporates human-assessed double-blind evaluation of
cultural fidelity. In terms of engineering records, the system centrally records GPU model, quantity,

9y __
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training duration, number of trainable parameters (including LoRA rank), batch size, and learning rate
during training and inference, along with deployment-related data such as latency and final cost,
facilitating a re-presentation of cost-effectiveness trade-offs. To eliminate interference caused by
differences in training budgets, LoRA adopts a two-stage approach of "shared/private": Stage-Shared
implements the extraction of public cultural components, while Stage-Private serves the brand-specific
needs. The memory and time of both are counted separately. During inference operations, the end-to-end
time of single image generation is counted for both A100 and L4 cards, and converted into the unit cost
of 1,000 images for comparative research. Table 5 summarizes the training/inference budgets and
environment in this setup, providing verifiable evidence for subsequent result interpretation.

Table 5. Training/Inference budget & environment

GPU Train LoRA Inference Lat. Cost ($/1k
Stage #GPU Params(M) Batch LR .
Type Hrs Rank (ms) imgs )
Stage-Shared A100- 1.0e-
4 18.5 865 16 32 420 9.8
LoRA 80G 4
Stage-Private A100- twenty | 8.0e-
4 22.0 865 8 450 10.6
LoRA 80G four 5
Inference-only L4-24G 2 0.0 865 0 8

4.2  Overall Results and Comparison

The proposed method demonstrates systemic advantages over native Stable Diffusion and other
enhancements (i.e., DreamBooth and ControlNet) across multiple metrics: FID and ECE decrease
sharply, CLIPScore , Precision/Recall, and Diversity all increase, and Prompt Adherence remains stable
within the high confidence interval. To ensure that the differences reach statistical significance, a
document-level/image-level paired architecture is implemented, and paired t-tests are used to analyze the
main indicators and provide 95% confidence intervals. Table 6 shows the quantitative summary of all
methods; to facilitate cross-index review, Figure 5 presents a comprehensive radar chart of each
indicator after standardization by the same-direction gain, which directly shows the overall improvement
of the proposed method in the four dimensions of "quality, consistency, diversity, and calibration". It is
important to note that while the commercial general model has a certain level of CLIPScore and
diversity, it still deviates in terms of ECE and prompt compliance in culturally sensitive areas. This is
related to the lack of targeted cultural embedding and layout priors. Cultural tokens and dual-channel
control gates have set up more robust structural and color constraint mechanisms when performing
cross-domain migration, thereby achieving stable overall performance.

To help readers comprehensively grasp the characteristics of this method, based on quantitative
comparisons, we briefly outline its advantages and disadvantages: On the strengths, the proposed
cultural feature embedding and multimodal control methods achieve consistent improvements over
native Stable Diffusion and its enhancement schemes across multiple metrics, including FID,
CLIPScore, Precision/Recall, Diversity, and ECE. This indicates that the method facilitates a more
balanced match between image quality, semantic consistency, diversity, and reliability calibration.
Relying on efficient parameter fine-tuning (LoRA/DreamBooth) and dual-channel gating design, it
improves cross-brand migration and reusability in practical scenarios while maintaining acceptable
inference latency and resource overhead. On the weaknesses, the current method still heavily relies on
manually constructed cultural attribute labels and color constraints. In situations where cultural elements
are extremely scarce and semantics are highly abstract, the generated results remain unstable. The
complex control structure increases the difficulty of model configuration and parameter tuning; future
implementations should utilize more user-friendly interfaces and automatic configuration methods to
reduce the overhead for designers and engineers.
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Table 6. Overall quantitative comparison
Method FID| CLIPScore 1 Precisiont Recall? Diversityt ECE| Prompt Adh .1
SD (Base) 24.5 0.288 0.72 0.65 0.62 0.145 0.74
SD+DreamBooth 22.1 0.301 0.75 0.69 0.65 0.132 0.78
SD+ControlNet 20.3 0.316 0.78 0.73 0.67 0.118 0.81
Commercial-Gen 21.8 0.309 0.77 0.71 0.66 0.125 0.79
Proposed (Cultural) 17.4 0.337 0.83 0.79 0.71 0.083 0.87

Multi-metric Radar of Methods SD (Base)
Precision(T) oth

CDIRScore( T

Recallf?,

D(4)

Propaptadh(T)

ECE(4]

Fig. 5. Multi-metric radar of methods

4.3  Cultural Fidelity and Calibration Analysis

Cultural fidelity was assessed using a double-blind A/B expert evaluation. Evaluators with
backgrounds in traditional crafts and brand design were selected. They selected pairwise preferences for
four key categories: "pattern/object/color spectrum/typography". Tie situations where no decision could
be made were recorded. The Kappa coefficient was used to measure the level of agreement among the
evaluators, and the p-value was used as a measure of significance. Table 7 shows the win rate, tie rate, K,
and significance level values for "Proposed Method v. Controls". The proposed method shows a more
significant advantage when there are complex prompts such as "color spectrum—Ilayout—pattern
reproduction”. A reliability curve for prompt compliance was generated using the validation set to check
the deviation between the predicted confidence and the actual probability of conformity. Then, the
expected calibration error was calculated. Figure 6 shows two visualizations: the first is the Reliability
Curve, which clearly shows the closeness of the curve to the diagonal; the second is a bar chart of ECE,
which analyzes the magnitude of calibration error for each method. Combined with human evaluation
and calibration, it can be seen that the saliency guidance of cultural tokens and color difference penalty
together reduce the number of high-confidence misjudgments that "seem to match but are not correct in
detail", pushing the reliability of high-segment segments closer to the ideal situation, and the ECE
decreases accordingly.

Table 7. Human cultural fidelity—win rate & agreement

Pair (Method A vs B) Win%(A) Win%(B) Tie% K(expert) p-value
Proposed vs SD 71.2 16.4 12.4 0.72 0.001
Proposed vs SD+DreamBooth 66.5 18.4 15.1 0.69 0.003
Proposed vs SD+ControlNet 58.7 16.7 24.6 0.65 0.018
Proposed vs Commercial-Gen 61.9 19.8 18.3 0.67 0.007

94 __
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4.4 Robustness and Generalization

Robustness evaluation is based on two types of real-world design scenarios: layout changes and style
perturbations. Using a unified perturbation intensity specification, the changes in Prompt Adherence,
CLIPScore , and Diversity are collected. Significance tests are then performed based on cross-sample
paired differences. When layout is missing, the stability of the basic SD for main element positioning
decreases more significantly. The proposed method, relying on ControlNet's structural prior and dual-
channel gating, can still maintain high cue compliance and diversity in areas of strong perturbation. The
impact of color gamut shift on ECE is narrower. Figure 7 shows the multi-line curves of "perturbation
intensity - index response." The Proposed curve has a gentler slope, indicating a stronger tolerance for
layout and style degradation. This result aligns with the gating design in Section 3.3: if the layout/style
signal quality deteriorates, the gating weights automatically shift towards the cultural embedding
channel, thereby maintaining the visibility and consistency of semantic core components. This
mechanism gives practical significance to engineering deployment: if brand materials are incomplete or
the quality of online reference images fluctuates, the system can still maintain an acceptable level of
delivery and stable subjective evaluation.

Robustness under Layout/Style Perturbations
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Fig. 7. Robustness under layout/style perturbations (multi-line graph: perturbation intensity vs. indicators)

5 Ablation Research and Application Implementation

5.1 Component Ablation

To measure the actual value of each module, the same data segmentation and measurement methods
as in Chapter 4 were used. "Culture token, LoRA , IP-Adapter, ControlNet, and calibration head" were
removed or replaced one by one, while ensuring a stable training budget. The process began with the
creation of public cultural components using "Shared LoRA ," followed by short-round fine-tuning of
the brand's private set. If a component was removed, the closest alternative path was used to ensure the
graphics pipeline ran smoothly (if there was no IP-Adapter, statistical style vector mean pooling was
used). During the evaluation, FID, CLIPScore , Precision/Recall, Prompt Adherence, and ECE were
obtained, along with end-to-end latency and unit cost. Table 8 shows that removing the culture token
directly reduces the consistency between Prompt Adherence and human evaluation, indicating that
semantic alignment is crucial for detail triggering. If LoRA was removed , cross-brand generalization
was poor, with precision and recall both dropping to low levels. After the IP-Adapter was deactivated,
style color and material texture were difficult to retain. CLIPScore and diversity show a downward
trend; without ControlNet, layout perturbations cause a sharp decline in stability; without the calibration
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head, ECE increases but is accompanied by high confidence errors. From the perspective of latency and
cost, removing components results in a slight decrease, but the quality loss is more pronounced, and the
overall cost-effectiveness is at its lowest level. This result confirms that the proposed method belongs to
"weakly coupled gain", where each component builds complementary constraint relationships in
different dimensions, and the overall performance is compromised when one component is removed.

Table 8. Ablation on components

Setting FID| CLIPScore 1 Prec /Rect ECE] Prompt Adh .1 Lat. (ms) Cost ($)
Full (Proposed) 174 0.337 0.83/0.79 0.083 0.87 450 10.2
- Cultural Tokens 21.1 0.315 0.78/0.72 0.121 0.79 430 9.1
- LoRA 224 0.308 0.75/0.70 0.118 0.78 438 9.4
- IP-Adapter 20.9 0.302 0.76/0.72 0.110 0.80 442 9.6
ControlNet 21.7 0.309 0.77/0.71 0.115 0.78 428 9.2
- Calibration Head 18.1 0.334 0.82/0.78 0.136 0.86 450

5.2 Case Studies and Error Analysis

The case studies were divided into two categories: "positive examples" and "negative examples".
Focusing on four key aspects—cultural patterns, spot colors, composition, and contemporary
semantics—the generated results showed that traditional patterns such as blue-and-white intertwined
branches, longevity symbols, and meander patterns exhibited stable structures and convergent strokes.
Furthermore, the deviation from the brand's spot color palette's Lab mean remained within acceptable
limits. This aligns with the color difference constraints and dual-channel gating discussed in Chapter 3,
indicating that the high-confidence adherence areas and high-response areas of the attention heatmap are
consistent. Negative examples mostly converged on two scenarios: first, element mis-triggered elements.
If the prompt simultaneously includes multiple symbols such as "auspicious -clouds/dragon
patterns/satin", cultural tokens compete, leading to patterns incongruous with the context in certain
areas; second, poor temporal adaptability. In settings with significant differences between the Song,
Ming, and Qing styles, the thickness of decorative lines and layout partitions are easily confused. A
small number of samples showed that the brand decoration was overfitted, with excessive accumulation
of decorative elements interfering with the recognition of the main body. To address this issue, a two-
step mitigation approach was adopted: in the copywriting field, the weight of cultural tokens was
reduced and applied in stages; in the reasoning process, the weight of layout consistency was increased
and a mild negative prompt filter was enabled. Figure 8 shows the comparison of the six-grid layout: the
top row shows the reproduction of cultural patterns and the restoration of spot colors, while the bottom
row shows the phenomena of mismatch of eras, overfitting of decorations, and incorrect fonts. All
mismatches are shown with the help of borders and annotation boxes, which is conducive to matching
with quantitative indicators.

Faithful; Cultural Motif Faithful:
Reproduction Spot-Color Fidility

Era Mismatch Brand O

Fig. 8. Qualitative grid with cultural annotations

5.3  Case Studies and Error Analysis

To assess the effectiveness of the evaluation method in the actual design process, it is integrated into
the standard workflow of "requirements-materials-initial draft-review-final draft". In the "requirements
— materials" stage, the system provides a searchable list of cultural tokens and example guidance; in the
"initial draft" stage, it quickly generates high-fidelity sketches using IP-Adapter and ControlNet; during
the review period, it automatically outputs prompts for fit scores and calibration confidence intervals to
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help designers quickly identify risky diagrams; in the final draft stage, it generates spot color
measurements and element lists for legal compliance verification. A/B testing encompassed two
scenarios: a real-world team and a simulated online team. The brand's designers categorized the real-
world team into two types: "traditional process (control)" and "auxiliary process (experiment)". The
simulated team implemented semi-automatic production based on the same prompts and segmentation.
The results were evaluated across five dimensions: time from concept to first draft (T2Concept), first-
time pass rate, number of revisions, satisfaction level, and risk flagging rate. As shown in Table 9, the
auxiliary process significantly reduced the time and number of revisions, increased the first-time pass
rate and subjective satisfaction, and greatly reduced compliance warnings. This indicates that the
proposed method can be successfully integrated into the actual production process and deliver
quantifiable returns.

Table 9. Online/Simulated A/B Outcomes

Cohort T2Concept(h)] | 1stPass(%)? | Revisions (#) | | Satisfaction (1-5) 1 | Legal Flags (%o) |
Traditional Workflow (Real) 6.3 41.8 37 32 7.6
Assisted Workflow (Real) 3.1 63.5 2.1 4.1 32
Junior Designers (Assist) 3.6 58.4 2.5 39 3.8
Senior Designers (Assist) 2.7 67.2 1.8 43 29
E-commerce Posters (Sim) 33 61.0 22 4.0 3.1
Packaging Labels (Sim) 3.0 64.7 2.0 4.2 2.7

6 Conclusions and Outlook

Focusing on the three goals of "cultural fidelity, controllable composition, and cost-effectiveness" in
the visual design of time-honored brands, this paper creates an adaptive optimization system based on
Stable Diffusion: It employs a cultural feature embedding approach, transforming patterns, objects,
crafts, and spot colors into combinable tokens; utilizes multimodal manipulation to enable collaboration
between layout/style priors and cultural semantics in a dual-channel gating system; and integrates
reliability calibration and color difference/layout soft constraints at the inference end, forming an
auditable generation path from beginning to end. Tests on brand retention, era retention, and standard
segmentation show that the method achieves simultaneous improvements in quality, diversity, prompt
compliance, and calibration. Robustness evaluation and ablation conclusions further demonstrate the
complementary effectiveness of each component. The process-oriented A/B testing shows a significant
reduction in the time from concept to draft, the number of revision rounds, and compliance risks.
Limitations of this work include the reliance on extensive manual cultural annotation and the current
challenges in cross-regional cultural adaptation and automated copyright compliance. Future plans
include integrating knowledge graphs and executable compliance modules, implementing edge-side
incremental learning, and cross-brand federated training projects.
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