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ABSTRACT In traditional artistic creation, inspiration relies heavily on subjective experience and
occasional associations, resulting in limited systematicity and controllability during the early conception
stage. Similar challenges also exist in intelligent visual design and information presentation for engineering
applications, where efficient human—machine interaction and semantic visualization are increasingly
important for electromagnetic communication systems and digital design environments. This paper
proposes a text-guided diffusion model for artistic inspiration generation, particularly suitable for visual
creation tasks such as illustration and conceptual art while remaining applicable to product innovation
fields. The proposed framework integrates CLIP semantic embedding with conditional control mechanisms
into a customized UNet architecture based on Stable Diffusion, enabling user text prompts to guide
image synthesis through multi-layer cross-attention. Classifier-free guidance (CFG) and a multi-scale
noise scheduling strategy are further introduced to improve style controllability, detail representation,
and generation stability while supporting iterative refinement. Experimental results demonstrate stable
performance with high semantic consistency (CLIP similarity of 0.82), effective style control (0.76), and
favorable image quality (FID of 18.5). User evaluations achieve scores of 4.33 for creative inspiration
and 4.49 for overall satisfaction, confirming that the proposed system provides an efficient and expressive
visual inspiration generation tool. The framework also offers a systematic approach for multimodal
semantic visualization and intelligent content generation, which may provide useful references for visual
information representation and human-machine collaborative design in advanced electromagnetic and
communication-related applications.

INDEX TERMS diffusion model, conditional image generation, multimodal semantic representation,

electromagnetic information visualization, classifier-free guidance

I. INTRODUCTION
ITH the continuous expansion of artificial intelli-
W gence in the field of content generation, visual gener-
ation models have gradually penetrated into multiple human-
istic expression scenarios such as creative design [1,2] and
visual art. The capacity of these models to rapidly create and
visualize concepts is being adopted across diverse sectors
[3,4]. At present, systematic research on the inspiration
generation process is still relatively weak, making it difficult
to effectively provide creators with efficient, flexible and
controllable image references, which restricts the application
and expansion of human-computer collaborative creation
in the field of art. In this context, exploring an image
generation mechanism that is both controllable, diverse,
and semantically consistent to assist artistic conception has
important theoretical significance and practical value. The
theoretical underpinnings of generating diverse, high-fidelity
concepts are transferable to content-heavy industries.
In recent years, diffusion models, as an important di-
rection of generative modeling, have shown advantages
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in image quality, semantic expression, and style diversity
[5,6]. By reconstructing images, they improve the ability to
restore high-frequency details and preserve structures, and
are suitable for scenes that pursue complex compositions
and delicate styles in artistic creation. Related research
focuses on the design of the basic framework for text-
driven image generation, covering directions such as con-
ditional modeling, semantic guidance, and style transfer
[7,8]. However, most existing studies focus on general image
generation tasks, and there is still a lack of modeling and
system construction for the specific context of "inspiration
generation" in artistic creation scenarios.

This paper further constructs an inspiration generation
experimental framework for artistic creation, and evaluates
the comprehensive performance of the method in terms
of semantic consistency, style expression and inspiration
value through quantitative indicators and user feedback. The
research results verify the applicability and superiority of
the proposed method in inspiration generation tasks, and
provide a feasible path for building a creative assistance
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system based on the diffusion model. The demonstrated
capability to provide reliable, data-driven inspiration is
highly transferable.

Il. RELATED WORKS

In the conception stage of artistic creation, creators often
need to stimulate abstract thinking and emotional associ-
ations through concrete media [9,10], but traditional ways
of obtaining inspiration such as life observation, emotional
accumulation and cross-media stimulation [11,12]. These
methods have obvious limitations in terms of information
sources, associative paths, and forms of expression. In order
to enhance the image support in the early stages of concep-
tion, some studies have developed reference libraries and
style assistance tools [13,14]. However, such tools usually
lack semantic understanding and generation capabilities,
making it difficult to achieve deep coordination between
the creator’s intention and the image content, limiting their
practicality in the creative divergence stage.

In recent years, diffusion models have made progress in
image generation tasks and have outperformed traditional
generative models in text-to-image generation tasks [15,16].
Representative models such as DALL-E 2 and Stable Dif-
fusion all introduce text-guided mechanisms based on the
diffusion model framework to achieve effective mapping
of semantic information to image space [17,18]. Unlike
GAN, the diffusion model can more finely control the
semantic structure and local details of the image during the
generation process, and is suitable for artistic creation tasks
that need to express multiple layers of meaning and present
abstract visual language. Current research is also gradually
expanding in the direction of multi-style fusion and cross-
modal hybrid guidance, providing a broader modeling space
for creative generation.

lll. CONSTRUCTION OF TEXT-DRIVEN DIFFUSION
MODEL IN ARTISTIC INSPIRATION GENERATION
SYSTEM FRAMEWORK OVERVIEW

This system is based on a text-guided diffusion generation
architecture. The overall process includes five modules: text
input, semantic encoding, conditional diffusion generation,
multi-scale scheduling, and image output. Users input their
creative intentions through natural language, and the text
information is extracted and semantically embedded by the
Text Encoder (ViT-B/32) of the CLIP model, and adapted
to the input requirements of the Cross-Attention module in
UNet through linear mapping. These conditional features
are inserted in multiple layers in the diffusion network
to achieve spatial scale fusion of semantic control. To
improve the performance of image details, the system de-
signs a multi-scale noise scheduling mechanism to adjust
the diffusion time step in segments. This mechanism en-
hances semantic constraints in the early high-noise stage
and emphasizes texture and edge modeling in the later low-
noise stage, thereby improving visual quality while ensuring
semantic consistency. The final generated image is restored
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to RGB space by the VAE decoder and uniformly output in
512512 resolution PNG format.

The system is implemented using PyTorch, and all mod-
ule structures and reasoning processes are highly modu-
larized, which facilitates subsequent mechanism expansion
and function replacement. The overall architecture takes
into account both semantic expression accuracy and image
generation quality while maintaining flexibility, providing
a unified generation framework support for multi-style se-
mantic control tasks.

SEMANTIC EMBEDDING AND CONDITIONAL GUIDANCE
MECHANISM

The system uses the pre-trained CLIP model as a text
semantic encoder and uses its text encoding path to extract
the semantic features of the input text. The text is input
into the CLIP text encoder in natural language form, enters
the embedding layer after word segmentation, and then is
processed by the Transformer backbone network to output
a fixed-length global semantic feature vector c:

¢ = TextEncoder(T), ¢ R? €))

d is the semantic embedding dimension. This vector does
not undergo any further semantic aggregation operations and
is directly used as a global conditional semantic vector to
input the conditional control branch of the diffusion model
to guide the image generation process.

After the semantic features are output, they are connected
to a multi-layer fully connected linear mapping layer for
dimensional adjustment to match the key and value vector
dimension requirements of the cross attention module in the
UNet architecture. The linear mapping weight is W, and the
bias is b., then the converted semantic vector is:

d =We-c+b @)

The adjusted vector is replicated and expanded in the
sequence dimension, and the length corresponds to the
number of tokens in the spatial feature map, forming the
conditional semantic matrices K, V. This matrix is input as
the key and value into the cross-attention module of each
layer of UNet, and participates in the attention calculation
with the query vector Q:

QK"
Vi,

The UNet structure is divided into a downsampling path,
an intermediate bottleneck path, and an upsampling path.
Conditional semantics are injected at each stage to achieve
multi-scale semantic guidance. The cross-attention module
is connected in parallel with the basic convolutional residual
module to form a dual-branch structure. The cross-attention
module receives the current layer image features as the
query vector and the semantic embedding as the key and
value vectors, and obtains the modulation features after

Attention(Q, K, V) = softmax( > \% 3)
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calculating the attention weights. The modulated features are
residually connected with the original image features, and
the output enters the next processing layer. Figure 1 shows
the response distribution of the cross-attention mechanism in
different areas of the image under the guidance of semantic
conditions. It can be seen that the model is formed in the
sky and beach areas of the image, reflecting the response
characteristics to the semantics of the input text.

The semantic conditional insertion modular package in-
cludes a semantic buffer, a conditional dimension trans-
former, and a multi-layer injection controller. The semantic
buffer fixes the semantic vector after the input text is
encoded and does not participate in subsequent dynamic
updates. The dimension transformer linearly projects the
semantic embedding and replicates it to a fixed sequence
length. The injection controller manages the conditional
enablement status of each cross-attention module, enabling
or disabling semantic injection at different levels.

The image feature query vector is composed of the spatial
features of the corresponding layers of each cross-attention
module in UNet. The cross-attention module is executed
before the convolution residual path at each layer, and the
calculated semantic attention results are incorporated into
the image features in a residual manner. During the image
generation process, conditional control realizes semantic ad-
justment at each time step and resolution layer. The number
of semantic vector copies matches the number of feature
map tags, and the width of the conditional pathway in the
cross-attention module is consistent with the image branch
to strengthen the spatial semantic consistency constraint.

The temporal context information in the diffusion sam-
pling process is injected into UNet synchronously as a
condition. The temporal information is encoded by the sine
and cosine position ¢(t) and sent to the multi-layer linear
mapping and activation function to form a fixed-length time
vector 7:

T=0(W-o(t) +b) €]

The time vector and semantic embedding are concate-
nated into a joint conditional vector after dimensionality
unification:

Zcond = [CIHT] (5)

This vector is processed as a conditional input using a
unified mapping in each layer of the cross-attention module
to adjust the expression strength of semantic control at
different sampling stages.

OPTIMIZATION DESIGN OF CFG STRATEGY

In the implementation of the CFG strategy, this paper adopts
the linear interpolation method of the inference results of
the conditional and unconditional diffusion models, aiming
to improve the semantic consistency and diversity of the
generated images. During the sampling process, the model
simultaneously executes two forward propagation paths with
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and without conditional input, obtaining conditional predic-
tion noise €.o,nq and unconditional prediction noise €uncond
respectively. The two are weightedly fused to produce the
final prediction noise:

ét = wt(q) : éCond + (1 - wt(g)> : éuncond (6)

w,gg) is the semantic guidance weight coefficient of step
t. This weight coefficient is based on a fixed value and
introduces a dynamic adjustment mechanism at a specific
sampling stage to enhance the model’s adaptability to se-
mantic information at different sampling time steps. Figure
2 shows the dynamic change trend of the guidance weight
during the sampling process, as well as the gradual clarity
of the image corresponding to the key time step.

The dynamic adjustment mechanism is designed as a
function mapping between sampling time steps and weight-
ing coefficients. For this purpose, wt(g) is defined as a
piecewise linear function:

Wmax» t S tOu
w9 = e — ANt — 1), to<t<ty, (T
Wmin» i 21,

to and 1 are the time steps for the start and end of linear
attenuation, wpyax and wpiy represent the upper and lower
limits of the guidance strength, and A is the attenuation rate.
The weighting coefficient is kept at a high level at
the beginning of sampling to enhance the guiding effect
of semantic information on the rough structure; as the
sampling progresses, the weighting strength is gradually
reduced to reduce the constraints of semantic information
on detail generation. The mapping function uses a piecewise
linear attenuation strategy, and the parameters are adjusted
comprehensively according to the semantic matching degree
and image quality indicators of the samples generated during
training, and finally solidified for use in the inference stage.
The dynamic adjustment of the guided weights is com-
bined with a multi-scale scheduling mechanism of the noise
scale. This mechanism provides the time step adjustment o
of the noise variance during the sampling process, which in
turn affects the adjustment function of wt(g ).
Wi = £(01) = Wmax - exp(—f - o2) ®)
[ is a hyperparameter that controls the exponential de-
cay rate. This function enhances the coupling relationship
between semantic guidance weight and noise level, and
refines the semantic control granularity of each stage of
image generation. In order to reduce the instability of
training and reasoning caused by noise weighting in CFG, a
regularization mechanism of conditional and unconditional
noise prediction results is introduced to measure the relative
difference between the outputs of the two paths. This mech-
anism calculates the Euclidean distance Lg;s; and cosine
similarity Los:
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FIGURE 1. Image attention response guided by conditional semantics
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FIGURE 2. Schematic diagram of image denoising evolution under dynamic CFG scheduling
IMPLEMENTATION OF MULTI-SCALE NOISE
Laist = ||€cond — €uncondll> (9)  SCHEDULING MECHANISM
The multi-scale noise scheduling mechanism is based on
{€cond €uncond) the multi-level feature scale of the UNet structure and
ﬁcos =1 (10)

- ||écond||2 : ||éuncond||2
If the distance or similarity exceeds the preset threshold,
the weight adjustment is triggered. The weight adjustment
is guided by the sliding average algorithm with momentum:

) (9)

W w1 )@ (11)

w € [0,1] is the momentum factor, and &; is the
new guide value obtained by the current calculation. To
achieve efficient calculation of CFG, the system integrates
and optimizes the network forward propagation process of
conditional and unconditional prediction noise. The pro-
cessing branch of conditional input in the UNet network
is implemented using conditional batch normalization and
conditional residual connection, allowing conditional infor-
mation to be dynamically embedded while shielding the
input of conditional information in the unconditional path.
Multi-threaded asynchronous scheduling is introduced to
parallelize the calculation of two paths, further shortening
the sampling time.
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introduces a hierarchical noise injection scheme in the diffu-
sion sampling process. This mechanism uses the scheduling
function S® to generate the standard deviation coefficient
to control the noise intensity in the feature maps of different
spatial resolutions:

o =8O@), 1e{1,2,...,L} (12)

crt(l) represents the standard deviation of the noise at the

[-th scale in the time step ¢, and L is the total number of
scales used in UNet.

The noise scheduling function is constructed as a set
of time step mapping curves, each of which corresponds
to a resolution level in the UNet structure, and is defined
on a unified time step scale through multi-segment linear
interpolation to ensure the smoothness of noise changes with
sampling time:

SO(t) = interp({(ti, O'Z(l)) 11\;1) (13)

t; is the sampling time step node, and afl) is the

corresponding standard deviation value set. Before each
sampling calculation, the variance value of each scale noise
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is extracted from the scheduling function according to the
current time step to generate a Gaussian noise tensor of the
corresponding size:

e N(o, (at(”)z : I) (14)

The tensor dimension is consistent with the UNet feature
map F.". The noi i i d on the cor-

p F;”’. The noise tensor is superimposed on the cor
responding feature map in the encoder and decoder paths
of UNet, and is input into the subsequent network layer
together with the feature map convolution result:

B =FD 4 (15)

The encoding path uses high variance noise at each scale
to enhance the degree of freedom of structural expression,
and the decoding path variance is reduced layer by layer
to restore texture details and edge structures. The diffusion
time step encoding uses sine and cosine periodic functions:

T = [bln(?f) ,cos(zzz;t)} (16)

The temporal encoding vector 7 is provided as input to
the scheduling function to generate scale mapping parame-
ters.

The scheduling mechanism introduces a noise amplitude
adaptive adjustment module, which combines the condi-
tional embedding semantic strength and the time step posi-
tion to fine-tune the noise amplitude based on the scheduling
function output:

ol ol (140 ) (17)

a,gl) is the semantic guidance amplification factor at

each scale, estimated by the conditional encoding strength
extracted by CLIP:

[[cctipll2
"= Teawplla + =l e

Calip 18 the text conditional encoding vector, and z; is the
current denoising state tensor. A linear mapping relation-
ship is established between the noise fine-tuning coefficient
and the guidance intensity, and the mapping function is a
threshold function controlled by two parameters.

This mechanism has a parameter coupling relationship
with the CFG process. The sampling time step and the
scheduling curve position act together on the adjustment
logic of the CFG strength. The joint action mechanism is
controlled by a joint mapping table M:

W) = M (t, ot(l)) (19)

The mapping table selects the corresponding semantic
guidance strength coefficient according to the time step
position and noise scale, and passes it to the corresponding
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attention module in UNet to adjust the fusion ratio of the
conditional vector and the feature map:

1 1 1
Fi =l Flha+ (1= w) Flna QO)
The feature map comparison module is introduced in
the sampling output process to record the distribution of
intermediate feature maps at the main scale of each time
step and calcul i i @
p and calculate the gradient consistency G, ’ and edge

density St(l):

l l l
O =||vE® - vEY | @1

e® — max(‘V2Ft(l) D 22)

The comparison module runs synchronously in the gen-
eration process and does not affect the main reasoning
process. The noise scheduling mechanism is linked to the
post-processing module. After the generation is completed,
the final noise amplitude output by the scheduling function
is used to drive the sharpening and filtering parameter ad-
justment in the post-processing stage, matching the texture
density of the image detail layer and enhancing the local
perceptual quality of the output results.

IV. EXPERIMENTAL SETUP AND IMPLEMENTATION
EXPERIMENTAL DATA AND ART STYLE LABEL
SETTING

The training data for this study is based on the public
multimodal dataset LAION-SG, which focuses on high-
quality text-image pairs. The length of the text description is
controlled between 20-40 tokens, and the Byte-Pair Encod-
ing (BPE) word segmentation standard is used. To ensure
the semantic guidance effect, the original data is manually
screened to remove low-quality samples such as those with
vague visual content or one-sided text descriptions. To adapt
to the task of generating artistic inspiration, this paper
collected an additional 30,000 images covering a variety
of artistic styles, including 10 types of labels such as
impressionism, surrealism, cyberpunk, ukiyo-e, minimalism,
vaporwave, futurism, ink style, pixel art, and graffiti art.

MODEL TRAINING PARAMETERS AND HARDWARE
CONFIGURATION

The basic image generation module uses a text-guided
diffusion generation network built on a latent space diffusion
architecture. The text feature extraction part uses the CLIP
model (the structure uses ViT-B/16). The extracted semantic
vector is linearly transformed and dimensionally adjusted
before being embedded into the conditional diffusion model.
The injection position is the cross-layer attention module
in the middle layer of the encoder-decoder path. The con-
ditional control method adopts the CFG strategy. In the
guidance stage, the semantic input is randomly discarded
with a probability of 15% to construct an unconditional
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reference path. The guidance factor in the reasoning stage is
set to 1.2 to enhance the semantic relevance of the generated
results.

The diffusion process adopts the standard diffusion mod-
eling mechanism of forward denoising and backward de-
noising. The initial noise scheduling strategy is linear (8
scheduling, and the noise parameter range is set to 1x10-4
to 2x10-2. The total number of steps in the image sampling
process is set to 50. No parameter update is performed dur-
ing the sampling phase. Only the frozen generated network
structure is called. The diffusion inversion method used is
DDPM (Denoising Diffusion Probabilistic Models) reverse
sampling.

The AdamW optimizer is used in the model training
process. The initial learning rate is set to 2x10-5, the
momentum coefficients 51 and 82 are 0.9 and 0.98 respec-
tively, and the weight decay coefficient is 0.01. The training
batch size is 16 images per step, gradient accumulation is
enabled, and the number of cumulative steps is 4, so that the
equivalent total batch size is 64. The training cycle is 100
rounds, the total number of training steps does not exceed
100,000 steps, and the loss function is the weighted sum
of the pixel reconstruction error and the semantic guidance
error. The loss is calculated in both the original space and
the latent space.

The model training environment is a single graphics
processing unit NVIDIA RTX 3090 with a video memory
capacity of 24GB. The training process uses mixed precision
computing to reduce video memory usage, and the automatic
mixed precision computing framework is enabled to accel-
erate the forward and backward propagation process. Multi-
card distributed training, model parallelism, or parameter
sharding technology is not enabled. Under limited video
memory conditions, the activation checkpoint mechanism
is enabled to release non-critical nodes in the intermediate
calculation graph to relieve video memory pressure.

EXPERIMENTAL SETTING COMPARISON MODEL

This experiment compares the proposed method with three
mainstream models, including T-Gate, Promptguided At-
tention Interpolation via Diffusion (PAID), and Self-Cross
Diffusion Guidance, in a unified environment. All methods
use the same text condition input and are tested on a
unified dataset to ensure the comparability and fairness of
the results. The experiment covers multiple subtasks, from
semantic responsiveness, style control diversity, the balance
between expression consistency and image quality, to the
impact of multi-scale noise mechanism on detail enhance-
ment, and finally combines user subjective evaluation and
key module ablation to comprehensively evaluate the perfor-
mance of each method in the inspiration generation process.
Through this systematic experimental design, the specific
contribution and role of each module and mechanism to the
generation effect are deeply explored.
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V. PERFORMANCE OF SEMANTIC CONTROL AND
IMAGE QUALITY IN INSPIRATION GENERATION
EVALUATION OF SEMANTIC RESPONSIVENESS UNDER
CONDITIONAL TEXT GUIDANCE

In order to test the ability of the generative model to accu-
rately respond to text semantics under multi-level semantic
control conditions, the experiment constructed five sets of
semantic prompt texts in three dimensions: style, spatial
structure, and semantic fusion, and generated corresponding
image samples based on these prompts. The results of some
text generation are shown in Figure 3.

By extracting the semantic embedding between each pair
of images and their semantic texts and calculating their
similarity in the CLIP space, a quantitative score of semantic
consistency is obtained. This setting is designed to simulate
the adaptive behavior of the model under different semantic
control scenarios and examine its semantic modeling stabil-
ity and expression ability under a unified evaluation index.
The comparison of the results under three types of semantic
conditions is shown in Figure 4.

The results show that under style control, the scores of
this method in all five prompt groups remain between 0.76
and 0.81, which is higher than other methods overall. In
the spatial structure task, the score of this method is also
in the high range, with an average of 0.78. In the semantic
fusion task, this method obtains the highest score under all
prompts, with the highest score reaching 0.83.

In order to more comprehensively verify the matching
degree between the generated text and the input prompt
from the two levels of language consistency and seman-
tic accuracy, a multi-dimensional evaluation system cov-
ering three mainstream text evaluation indicators, BLEU
(Bilingual Evaluation Understudy), BERT (Bidirectional En-
coder Representation from Transformers) scores and CIDEr
(Consensus-based Image Description Evaluation), was con-
structed. This experiment measures the model’s vocabulary
overlap, deep semantic similarity, and overall content ex-
pression ability in the generated descriptions to observe the
model’s comprehensive performance in various dimensions.
The results are shown in Figure 5.

The proposed method achieved the highest score of
0.92 on BERTScore, showing strong semantic consistency,
and also reached 0.76 and 0.81 on BLEU and CIDEr. In
comparison, T-Gate scored 0.72 on CIDEr, but BERTScore
and BLEU were 0.76 and 0.68 respectively; PAID scored
0.72 on BLEU, and the other two were 0.83 and 0.75
respectively. Self-Cross’ scores were relatively close, and
the overall distribution was relatively even, but the highest
score was only 0.77, and it did not have an advantage in
any single item.

DIVERSITY AND CONSISTENCY OF STYLE SEMANTIC
CONTROL

In order to evaluate the semantic consistency and stability
of the model’s generation results under different image
style control scenarios, this experiment designed a variety
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FIGURE 3. Comparison of the generation results of each method under different text inputs
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FIGURE 4. Comparison of semantic consistency performance of prompt groups based on CLIP scores under three types of semantic
conditions

FIGURE 5. Multi-dimensional evaluation of text generation ability based on BLEU, BERTScore and CIDEr indicators

of image-text generation tasks under three types of style semantic matching between the generated image and the
conditions: cartoon, oil painting, and sketch, and used the text. This paper sets 10 groups of samples for each style and
CLIP score as the core indicator to measure the degree of measures the CLIP distribution of the output results of each
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