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Abstract: To address the problems in interface icon generation, such as a lack of structural 

expression, difficulty in maintaining style consistency, and limited capability for multi-

condition generation, this paper proposes a structure-aware intelligent icon generation method 

named IconDiff, which is based on a diffusion model. Based on the classical diffusion 

framework, this method introduces a structure-guided branching mechanism and a multimodal 

condition fusion mechanism to achieve collaborative modeling of text semantics, style features, 

and attribute information. It also enhances boundary clarity and semantic identifiability by 

designing an icon-specific loss function. At the same time, a multidimensional annotation data 

set containing 268000 icon samples is constructed, and a special evaluation index system for 

icon tasks is designed. Under a unified experimental setup, compared with various mainstream 

generation methods, the proposed method reduces the FID by approximately 25.2%, improves 

structural clarity by about 6.0%, enhances identifiability by about 6.8%, and increases style 

consistency by about 7.8%. In addition, ablation experiments verify the effectiveness of the key 

modules. Generalization and robustness analysis show that the model maintains stable 

performance even in the absence of semantic and style conditions. The research results show 

that the method in this paper has significantly improved the generation quality and 

controllability, and provides an effective solution for the automatic design of interface icons. 
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1. INTRODUCTION 

With the continuous evolution of digital product form, as important visual elements in 

human-computer interaction, interface icons play an irreplaceable role in UI/UX design. Icons 

not only bear the functions of information compression and rapid transmission, but also guide 

users to complete interactive operations through visual symbols, which not only improves the 

usability of the interface, but also enhances the consistency and aesthetics of the overall design. 
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High-quality icon design typically requires expressing clear and recognizable semantics within 

a limited pixel space while maintaining a unified visual style, which imposes higher demands 

on designers' experience and aesthetic ability [1],[2],[3]. However, in practical applications, 

icon design still mainly depends on manual work, which has the problems of low efficiency, 

high cost and difficult to unify style. Especially in large-scale application systems or multi-

platform products, achieving consistent style while ensuring semantic accuracy has become a 

key challenge in the design process [4],[5]. In recent years, with the development of generative 

models, data-driven automatic design methods have gradually emerged. Among them, 

generative adversarial networks and diffusion models have made significant progress in visual 

content generation, providing a new technical path for the automatic generation of interface 

icons. 

Although the generation model has shown strong ability in the task of natural image 

generation, it still faces a series of challenges to directly apply it to the generation of interface 

icons. First of all, icons usually have small size and high semantic density, which requires the 

model to accurately express the core semantics in limited resolution, which puts forward higher 

requirements for feature modeling ability. Secondly, the icon design emphasizes the unity of 

style, while the existing generation model still has shortcomings in multi style control and cross 

semantic generalization, and it is difficult to maintain a consistent visual language between 

different categories of icons. In addition, there is a natural conflict between the structural 

characteristics of icons (such as clear outline and boundary) and the expression of details [6]. 

How to generate rich details while maintaining the stability of the structure is a problem that 

the current method is difficult to take into account. At the same time, although some models 

support the generation of text or label conditions, in the actual design scenario, the joint control 

of attributes, style and semantics is still not fine enough, which limits the practicability of the 

model. 

To solve these problems, this paper proposes a special diffusion model framework for 

interface icon generation task, IconDiff. Starting from the structural characteristics and design 

requirements of icons, this method introduces the collaborative modeling mechanism of 

structure and semantics in the diffusion generation process, so that the model can focus on the 

contour information and semantic expression at the same time in the denoising process 

[7],[8],[9],[10]. In addition, by constructing a multimodal conditional control system, the text 

description, attribute tags and style information are uniformly encoded and integrated into the 

generation process to achieve a more refined and flexible controllable generation. At the same 

time, aiming at the special requirements of style consistency in icon design, this paper proposes 

a cross-domain alignment strategy, so that the model can still maintain a unified visual style 

between different semantic categories, so as to improve the overall generation quality and 

consistency. 

On this basis, the main contributions of this paper are reflected in the following aspects: 

firstly, a structure aware diffusion model architecture is proposed, which enables the model to 

have explicit structure modeling ability in the generation process, so as to improve the boundary 

definition and geometric stability of icons; Secondly, a multimodal semantic condition control 

mechanism is designed to achieve fine control of the generated results by fusing text, attribute 

and style information; Thirdly, according to the characteristics of icon generation task, a set of 

special loss function system is constructed, and boundary preservation and identifiability 

constraints are introduced to effectively improve the practicability of the generated results; In 

addition, this paper also constructs a high-quality, multidimensional annotation icon data set, 

and designs a systematic evaluation system, which provides an important benchmark for related 

research; Finally, through a large number of experiments, the proposed method is significantly 

superior to the existing mainstream methods in many evaluation indexes, indicating that it has 

strong competitiveness and application potential in the field of interface icon generation. 

2. RELATED WORK 
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With the increasing demand for interface design automation, interface icon generation has 

gradually become an important research direction in the field of human-computer interaction 

and intelligent design. Early studies mostly relied on rule-based or template-based methods to 

generate icons using predefined graphical elements and combination logic [11],[12]. This kind 

of method is usually based on vector graphics library or graphics syntax rules, combining basic 

shapes (such as circle, rectangle, arrow, etc.) according to certain rules, so as to generate icons 

with certain semantics. Although this kind of method has certain advantages in structural 

normalization and controllability, its expression ability is limited, it is difficult to adapt to the 

needs of complex semantics and diverse styles, and it is lack of flexibility in large-scale design 

scenarios. With the development of deep learning technology, the method of icon generation 

based on data driven is gradually rising [13],[14],[15]. By learning the distribution 

characteristics of existing icon data, the automatic generation is realized. This kind of method 

can improve the generation diversity and visual quality to a certain extent, but the early models 

often lack the special modeling of icon structure characteristics, resulting in the lack of details 

and consistency of the generated results. 

In terms of generative models, generative adversarial networks (GANs) have been widely 

used in icon and symbol generation tasks. By introducing the conditional GAN structure, the 

related research enables the model to generate specific category icons under the condition of 

given labels or attributes [16],[17],[18], and to achieve style control to a certain extent. However, 

GANs are unstable during training and prone to mode collapse, which limits their performance 

in complex conditional generation tasks. In recent years, the diffusion model has gradually 

become the mainstream as a new generation of generative paradigms. It realizes high-quality 

image generation by gradually de-noising, and significantly improves the diversity and detail 

performance of the generated results. Typical models such as DDPM achieve stable training 

through rigorous probabilistic modeling. Later diffusion models further reduce computational 

cost via latent space modeling, while Stable Diffusion demonstrates strong generative 

capabilities under large-scale data and multimodal conditions [19],[20],[21]. However, most of 

the existing diffusion models are designed for natural images, and there are still some adaptation 

problems when dealing with visual objects with high structural constraints such as icons. 

In the field of conditional generation and controllable generation, Text-to-Image 

technology has made significant progress in recent years. The cross-modal alignment method 

based on visual language model (such as clip) enables the model to generate semantic image 

content according to natural language description [22],[23],[24]. These methods provide 

important technical support for icon generation, enabling designers to directly control the 

generated results through text. At the same time, style transfer and style control technology are 

also widely used in image generation tasks. By extracting and injecting style features, different 

visual styles can be converted. However, the existing methods are often lack of pertinence when 

dealing with icon style, and it is difficult to take into account the structural clarity and style 

consistency at the same time, especially in the case of multi conditional superposition, it is 

prone to conflict between semantics and style. 

In recent years, researchers began to pay attention to how to introduce geometric or 

structural information in the generation process to improve the controllability of the results. For 

example, based on the generation method of edge aware or shape aware, the model is guided to 

generate an image with clear boundary by introducing edge image or contour information as 

auxiliary input [25],[26],[27],[28]. In addition, the semantic segmentation guided generation 

method uses the segmentation graph as the structural prior to maintain the regional consistency 

and semantic layout of the model in the generation process. This kind of method improves the 

structural stability of the generated image to a certain extent, but in the special scene of icon, 

there is still a lack of targeted design, which is difficult to meet the needs of high-precision 

contour expression and diversified style control at the same time. 

To sum up, although the existing research has made important progress in the generation 

model, condition control and structure modeling, there are still obvious deficiencies in the task 
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of interface icon generation. On the one hand, most methods fail to fully consider the structural 

characteristics of icons, resulting in defects in boundary definition and geometric consistency 

of the generated results; On the other hand, there is no special evaluation system for icon 

generation task, which is difficult to comprehensively measure the performance of the model; 

In addition, the modeling of style consistency is still relatively rough, and it is difficult to 

achieve stable control under diversified design requirements. Based on the above problems, this 

paper proposes a diffusion generation method combining structural constraints and multimodal 

condition control, which aims to improve the quality and controllability of icon generation from 

two aspects of model architecture and optimization objectives, so as to make up for the 

shortcomings of existing research. 

3. METHODOLOGY 

Focusing on the characteristics of the interface icon generation task, this section 

systematically describes the proposed IconDiff model from the aspects of problem modeling, 

model architecture design, structural constraint introduction, multimodal condition control, loss 

function and training strategy. 

First, the problem is modeled from the perspective of formalization. Given the text 

description 𝑇 , the style condition 𝑆  and the attribute tag 𝐴 , the goal is to generate the 

interface icon image 𝐼 that meets the semantic and style constraints. In this study, the task is 

modeled as a conditional generation problem, that is, learning the conditional probability 

distribution 𝑝(𝐼 ∣ 𝑇, 𝑆, 𝐴). In the framework of diffusion model, the data generation process is 

realized by gradual de-noising [29]. Specifically, the forward diffusion process is defined as the 

gradual addition of Gaussian noise to the real image 𝐼0: 

𝑞( 𝐼𝑡 ∣∣ 𝐼𝑡−1 ) = 𝒩(𝐼𝑡;√1 − 𝛽𝑡𝐼𝑡−1, 𝛽𝑡I) (1) 

Where 𝛽𝑡 is the noise scheduling coefficient of time step 𝑡. In the reverse process, the 

distribution of the image is restored from the noise through the parametric model 𝑝𝜃 learning: 

𝑝𝜃( 𝐼𝑡−1 ∣∣ 𝐼𝑡, 𝑇, 𝑆, 𝐴 ) (2) 

So as to realize condition generation. This modeling method enables the model to gradually 

approach the target icon distribution under multiple constraints. 

In terms of overall architecture design, this paper proposes the IconDiff Framework, whose 

core is composed of four collaborative modules. First, the encoding module embeds the text 

description and style information separately. The text encoder uses the semantic encoding 

structure based on Transformer, and maps the input t to the high-dimensional semantic vector 

𝐸𝑇, while the style encoder extracts the style features from the reference icon or style label to 

obtain the style embedded 𝐸𝑆 . Secondly, the diffusion generation backbone adopts the 

improved U-Net structure, and realizes the denoising process through multi-scale feature 

extraction and reconstruction. To enhance structural expression, a structure guidance branch is 

introduced to explicitly model the geometric contour information of icons. In addition, the 

conditional fusion module dynamically integrates 𝐸𝑇, 𝐸𝑆 and attributes embedded in 𝐸𝐴 into 

different levels of features through a cross-scale injection strategy. The overall model is 

structurally embodied as a multi branch collaboration mechanism, in which the conditional 

information is not only injected in the encoding phase, but also continuously regulates the 

generation process through the cross-scale attention mechanism in the decoding process, so as 

to significantly improve the semantic consistency and style stability. 

Aiming at the characteristics of "clear structure and clear boundary" of interface icons, this 

paper further proposes a structure aware diffusion model. Firstly, the edge graph 𝐸 of the icon 

is extracted by the edge detection operator (such as Canny or learning edge network), and the 

contour representation 𝐶 is constructed as the structural prior information. Then, the structural 
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noise prediction branch is introduced into the diffusion model to make the model predict the 

image noise 𝜖𝐼 and structural noise 𝜖𝑆 at each step at the same time 

(𝜖𝐼̂ , 𝜖𝑆̂) = 𝑓𝜃(𝐼𝑡, 𝐸𝑡 , 𝑡, 𝐸𝑇 , 𝐸𝑆 , 𝐸𝐴) (3) 

Where 𝐸𝑡 is the perturbation form of the structure prior in the diffusion process. The dual-

channel prediction mechanism significantly enhances the model's ability to depict icon contours 

and boundaries. On this basis, structural consistency constraints are designed to ensure the 

topological stability of the generated icons. The boundary preservation loss is defined as: 

ℒ𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 =∥ ∇𝐼𝑝𝑟𝑒𝑑 − ∇𝐼𝑔𝑡 ∥1 (4) 

Where ∇ refers to gradient operator, which is used to measure edge consistency. At the 

same time, a topological consistency constraint is introduced to enforce the topological 

relationship between the generated icon and the real icon through the structural similarity 

function 𝒯(⋅). 

ℒ𝑡𝑜𝑝𝑜 = 1 − 𝒯(𝐼𝑝𝑟𝑒𝑑 , 𝐼𝑔𝑡) (5) 

Thus, a higher level of structural constraints are introduced outside the pixel level. 

In terms of multimodal conditional control, in order to achieve fine and controllable 

generation, this paper constructs a unified conditional coding and fusion mechanism. Text 

semantics are mapped into semantic embeddings 𝐸𝑇 via a CLIP or Transformer encoder to 

enhance the model’s ability to understand abstract concepts; The style coding module extracts 

the style vector 𝐸𝑆  by counting the characteristics of color distribution, line thickness and 

filling mode, and constructs a continuous style embedding space in the potential space. In the 

condition fusion stage, the Cross-Attention mechanism is adopted, taking the condition 

information as the Key and Value, and guiding the generation of features as the Query to achieve 

the alignment of semantic and visual features: 

Attention(𝑄, 𝐾, 𝑉) = softmax(
𝑄𝐾⊤

√𝑑
)𝑉 (6) 

At the same time, in order to avoid the conflict between different conditions, the adaptive 

weight fusion strategy is introduced to realize the dynamic balance of multiple conditions by 

learning the weight coefficients 𝛼𝑇 , 𝛼𝑆 , 𝛼𝐴. 

𝐸𝑐𝑜𝑛𝑑 = 𝛼𝑇𝐸𝑇 + 𝛼𝑆𝐸𝑆 + 𝛼𝐴𝐸𝐴 (7) 

This mechanism makes the model more flexible and robust in different generation 

scenarios. 

In the aspect of loss function design, combined with the structural sensitivity and semantic 

accuracy requirements of the interface icon generation task, this paper constructs a multi-

objective collaborative optimization framework to simultaneously constrain the consistency of 

the generated results in pixel space, semantic space and style space. First, the basic diffusion 

reconstruction loss is used to monitor the noise prediction ability of the model in the process of 

reverse diffusion, and its form is defined as: 

ℒ𝑑𝑖𝑓𝑓 = 𝔼𝑡,𝐼0,𝜖[∥ 𝜖 − 𝜖𝜃(𝐼𝑡, 𝑡, 𝐸𝑐𝑜𝑛𝑑) ∥2
2] (8) 

Wherein, 𝐼0  represents the real icon image, 𝐼𝑡  is the intermediate state image after 

adding noise under the time step 𝑡, 𝜖 ∼ 𝒩(0, I) represents the real noise sampled from the 

standard Gaussian distribution, 𝜖𝜃(⋅) is the noise prediction function represented by the model 

parameter θ, and 𝐸𝑐𝑜𝑛𝑑  represents the conditional embedding after fusing text, style and 

attribute information. By minimizing the mean square error between the predicted noise and 

the real noise, this loss guides the model to gradually learn the mapping relationship of restoring 

a clear image from the noise, which is the core goal of diffusion model training. 

https://doi.org/10.71451/ISTAER2607


154 
Liu., ISTAER. 2607., 21 Mar 2026                               https://doi.org/10.71451/ISTAER2607 

At the semantic level, in order to ensure a high degree of consistency between the 

generated icon and the input text description, this paper introduces the semantic consistency 

loss based on CLIP model, which is defined as: 

ℒ𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 = 1 − cos (𝜙(𝐼𝑝𝑟𝑒𝑑), 𝜓(𝑇)) (9) 

Where 𝐼𝑝𝑟𝑒𝑑 represents the icon image finally generated by the model, 𝑇 is the input text 

description, 𝜙(⋅) and 𝜓(⋅) represent the image coding function and text coding function in 

the CLIP model, and cos⁡(⋅,⋅) represents the cosine similarity. This loss maximizes the 

similarity between image and text description in the shared semantic space, so as to enhance 

the model's ability to express semantic information. 

At the structural level, this paper generates the contour and boundary information of the 

icon through the ℒ𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 constraint, so that it is consistent with the real icon in terms of 

geometric structure. This part is usually constructed based on edge map or gradient information, 

for example, by comparing the edge response of the generated image and the real image, so as 

to enhance the contour clarity. In addition, in the aspect of style modeling, ℒ𝑠𝑡𝑦𝑙𝑒 is introduced 

to constrain the generated icon to keep consistent with the target style in terms of color 

distribution, line characteristics and filling mode. The loss is usually calculated based on feature 

statistics (such as mean and covariance) or the distance between styles embedded in space, so 

as to ensure the stability of the generated results in visual style. 

Based on the above objectives, the overall optimization function finally constructed in this 

paper is expressed as: 

ℒ = 𝜆1ℒ𝑑𝑖𝑓𝑓 + 𝜆2ℒ𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 + 𝜆3ℒ𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 + 𝜆4ℒ𝑠𝑡𝑦𝑙𝑒 (10) 

Among them, 𝜆1, 𝜆2, 𝜆3, 𝜆4 are non negative weight coefficients, which are used to adjust 

the relative importance between different loss items. In the actual training process, these 

weights are determined by experience setting or grid search to achieve a balance between 

generation quality, structural clarity and semantic consistency. Through the collaborative 

optimization of the multi-objective loss function, the model can generate high-quality interface 

icons with clear structure and semantic and style requirements under complex constraints. 

4. DATASET AND EXPERIMENTAL SETUP 

In order to verify the effectiveness and generalization ability of the method proposed in 

this paper, this study first constructed a high-quality, multidimensional annotation interface icon 

data set, and on this basis, designed a systematic experimental system and multi-level 

evaluation index to ensure that the experimental results are fully scientific and repeatable. 

For dataset construction, this study collects original icon data from multiple public sources, 

including open-source UI component libraries (such as Material Icons and Feather Icons), 

design platforms (such as Dribbble and Figma community resources), and icon resources 

extracted from application interface screenshots. The original data scale is about 312458 icon 

images, and the resolution is standardized to 128 × 128. In order to ensure the data quality, the 

duplicate samples are removed and the abnormal samples are filtered. The perceptual hashing 

and the structural similarity index (SSIM) are used for filtering. The filtering condition is 

defined as: 

SSIM(𝐼𝑖, 𝐼𝑗) > 0.95 ⇒ as⁡duplicate⁡sample (11) 

After data cleaning and reprocessing, 268731 high-quality interface icon samples were 

finally retained, providing a solid data foundation for subsequent model training and evaluation. 

On this basis, this paper further carries out multi-dimensional annotation of data to enhance the 

structural degree and semantic expression ability of data. Firstly, in the aspect of semantic 
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annotation, a pre-trained vision-language model is used to automatically parse the icon images, 

combined with a manual review and correction mechanism to ensure label accuracy and 

consistency. This process can be formally expressed as a semantic mapping function: 

𝐴 = 𝑓𝑠𝑒𝑚(𝐼) (12) 

Where, 𝐼  represents the input icon image, 𝑓𝑠𝑒𝑚(⋅)  represents the semantic mapping 

function, which is responsible for mapping the image to the corresponding semantic label space, 

and 𝐴 represents the final semantic label set. Specifically, the 𝑓𝑠𝑒𝑚 is composed of a visual 

encoder and a text matching module. By calculating the similarity between image features and 

candidate semantic descriptions, the initial tags are automatically generated, and then filtered 

and corrected manually, so as to achieve a balance between efficiency and accuracy. 

For style annotation, given that interface icons exhibit significant stylistic features in visual 

design, this paper extracts style feature vectors 𝑥𝑖 ∈ ℝ𝑑  from multiple dimensions such as 

color distribution, line thickness, and filling method, where 𝑑 denotes the feature dimension. 

Based on these features, the K-means clustering algorithm is used to classify the style of icons. 

The optimization goal is to minimize the sum of Euclidean distances between the sample and 

the cluster center: 

𝑆 = argmin ⁡
𝑘

∑ ∥

𝑁

𝑖=1

𝑥𝑖 − 𝜇𝑘 ∥
2 (13) 

Where 𝑁 represents the total number of samples, 𝑥𝑖 is the style feature vector of the 𝑖th 

icon, 𝜇𝑘  represents the 𝑘 th clustering center, and 𝑆  represents the final style category 

classification result. Through this clustering process, icons with similar visual characteristics 

can be classified into the same style category, so as to build a structured style label system. 

Finally, a structured data set containing 120 types of semantic tags and 18 types of style 

tags is formed. The statistical results are shown in Table 1. 

Table 1. Dataset statistics 

Category number Semantic categories Number of samples Number of style categories Average edge density 

C1 Communication 21,384 12 0.34 

C2 Media playback class 18,927 10 0.29 

C3 File operation class 25,176 14 0.31 

C4 System settings class 19,842 11 0.36 

C5 Social class 22,105 13 0.33 

C6 E-commerce 17,903 9 0.28 

C7 Navigation class 20,114 12 0.35 

C8 Other 123,280 18 0.30 

The above data distribution shows that the dataset has good diversity in semantic and style 

dimensions, and the edge density index (calculated by Sobel operator) reflects the icon structure 

complexity distribution. 

In terms of experimental setup, this paper selects the current mainstream generation 

models as the comparison method, including the GAN based StyleGAN2 and IconGAN, as well 
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as DDPM, Latent Diffusion Model (LDM) and Stable Diffusion fine-tuning versions based on 

diffusion model. All models are compared under the same training data and resolution 

conditions to ensure fairness. In terms of experimental parameters, the time step of diffusion 

model is set to 𝑇 = 1000 , and an improved cosine scheduling function is used for noise 

scheduling: 

𝛽𝑡 =
1 − cos (

𝑡
𝑇 ⋅ 𝜋)

2
(14) 

The optimizer uses AdamW, the learning rate is set to 1 × 10−4, and the batch size is 64. 

Update parameters using exponential moving average (EMA) during training: 

𝜃𝑒𝑚𝑎 ← 𝛼𝜃𝑒𝑚𝑎 + (1 − 𝛼)𝜃 (15) 

Where 𝛼 = 0.999 . The experiment was conducted in the computing environment of 

NVIDIA RTX5060 GPU, and the overall training time was about 72 hours. The core 

configurations of different models are shown in Table 2. 

Table 2. Comparison of experimental configurations of different methods 

Method name Model type Parameter quantity (M) Training steps Input conditions Resolving power 

StyleGAN2 GAN 30 300k Nothing 128×128 

IconGAN GAN 42 350k Label 128×128 

DDPM Diffusion 55 500k Text 128×128 

LDM Diffusion 75 600k Text 128×128 

Stable Diffusion Diffusion 890 400k Text 128×128 

IconDiff Diffusion 68 520k Multimodal 128×128 

From the perspective of evaluation index design, this paper not only uses the general image 

generation evaluation index, but also constructs a special evaluation system for the visual object 

with high structure and strong semantic constraints, which is the interface icon, in order to 

realize the multi-dimensional and fine-grained evaluation of the generated results. In terms of 

overall image quality assessment, Fréchet Inception Distance (FID) is used to measure the 

distance between the generated image distribution and the real image distribution, which is 

defined as: 

FID =∥ 𝜇𝑟 − 𝜇𝑔 ∥2+ Tr(Σ𝑟 + Σ𝑔 − 2(Σ𝑟Σ𝑔)
1
2) (16) 

Where 𝜇𝑟 and Σ𝑟 respectively represent the mean vector and covariance matrix of the 

real image in the feature space, and 𝜇𝑔 and Σ𝑔 correspond to the statistical characteristics of 

the generated image; Tr(⋅) represents the trace operation of the matrix. FID can effectively 

reflect the proximity of the generated image to the real data at the overall distribution level by 

comparing the distance between the two groups of feature distribution [30],[31]. The smaller 

the value, the higher the quality of the generated image. 

At the same time, in order to evaluate the diversity and category identifiability of generated 

images, this paper Inception Score (IS), which is defined as: 

IS = exp (𝔼𝑥 𝐷𝐾𝐿(𝑝( 𝑦 ∣∣ 𝑥 ) ∥ 𝑝(𝑦))) (17) 
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Where, 𝑥 represents the generated image sample, 𝑝(𝑦 ∣ 𝑥) is the conditional category 

distribution prediction of the pre training classification model for the image, 𝑝(𝑦) is the edge 

category distribution, and 𝐷𝐾𝐿(⋅)  represents the Kullback-Leibler divergence. The index 

comprehensively reflects the discrimination and richness of the generated results by measuring 

the category confidence of a single image and the diversity of the overall category distribution. 

Aiming at the core requirement of "clear structure" in the task of interface icon, this paper 

further proposes the edge accuracy index (EA), which is used to evaluate the accuracy of the 

generated image edge information 

EA =
∑1(𝐸̂ = 𝐸)

∑1(𝐸)
(18) 

Where, 𝐸̂ refers to the edge map extracted from the generated image, 𝐸 refers to the 

edge map of the real image, and 1(⋅) is the indicator function. When the condition is true, the 

value is 1, otherwise it is 0. This index essentially measures the matching degree between the 

predicted edge and the real edge at the pixel level, and can directly reflect the integrity and 

clarity of the icon contour. 

At the semantic level, in order to evaluate the recognizability of generated icons, this paper 

defines the recognition score (RS): 

RS =
1

𝑁
∑𝟏(

𝑁

𝑖=1

𝑦̂𝑖 = 𝑦𝑖) (19) 

Where, 𝑁 represents the number of test samples, 𝑦̂𝑖 is the prediction label of the 𝑖-th 

generated icon by the pre training classifier, and 𝑦𝑖 is its corresponding real semantic label. 

This indicator reflects the accuracy of the generated icon in semantic expression, that is, 

whether the model generated results can be correctly identified as the target category. 

In addition, to measure the visual style consistency of generated icons, this paper 

introduces the style consistency index (SC), which is defined as: 

SC = cos(𝐸𝑆
𝑔𝑒𝑛

, 𝐸𝑆
𝑟𝑒𝑓

) (20) 

Where 𝐸𝑆
𝑔𝑒𝑛

 is the style embedding vector of the generated image, 𝐸𝑆
𝑟𝑒𝑓

 is the reference 

embedding of the target style, and cos⁡(⋅,⋅) is the cosine similarity function. This indicator is 

used to evaluate the matching degree of the generated icon on the style dimensions such as 

color, line and fill characteristics. The closer the value is to 1, the higher the style consistency. 

Through the combination of the above general indicators and special indicators, this paper 

constructs a comprehensive evaluation system that takes into account visual quality, structural 

expression, semantic accuracy and style consistency, so as to more comprehensively evaluate 

the performance of the generation model in the interface icon task. To sum up, this section 

provides a solid foundation for the effectiveness verification of subsequent methods through 

the construction of data sets, multidimensional experimental design and strict evaluation system 

of the system. 

5. EXPERIMENTS AND RESULTS 

In this section, the proposed IconDiff model is analyzed from multiple dimensions, 

including quantitative evaluation, qualitative analysis, ablation research, generalization and 

robustness, to comprehensively verify the effectiveness and advancement of the method. 

Firstly, the performance of this method and the current mainstream SOTA model is 

compared from the perspective of quantitative results. Based on the data set constructed above, 
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the experiment evaluates the generation quality and structural consistency of each model under 

a unified setting. In order to further verify the statistical significance of performance differences, 

a two-sided t-test is introduced, whose statistics are defined as: 

𝑡 =
𝑥̄1 − 𝑥̄2

√𝑠1
2

𝑛
+
𝑠2
2

𝑛

(21)
 

Where 𝑥̄1, 𝑥̄2 respectively represent the mean value of the two methods on a certain index, 

𝑠1, 𝑠2 are the standard deviation, and 𝑛 is the number of samples. The significance level was 

set as 𝛼 = 0.05. The comprehensive experimental results are shown in Table 3. 

Table 3. Quantitative performance comparison and significance test results 

Method name FID ↓ IS ↑ EA ↑ RS ↑ SC ↑ p-value 

StyleGAN2 38.72 2.91 0.71 0.68 0.62 <0.001 

IconGAN 34.15 3.05 0.75 0.72 0.66 <0.001 

DDPM 29.84 3.21 0.79 0.76 0.70 <0.01 

LDM 26.37 3.45 0.82 0.79 0.74 <0.01 

Stable Diffusion 24.91 3.58 0.84 0.81 0.77 <0.01 

IconDiff 18.63 3.92 0.89 0.87 0.83 — 

It can be seen from the results in Table 3 that the method in this paper has achieved the 

best performance in all indicators, and the FID index has increased by about 25.2% compared 

with the Stable Diffusion method. The statistical test results showed that all the improvements 

were significant (p<0.01), which verified the reliability of the model improvement. 

In terms of qualitative analysis, this paper further examines the generative ability of the 

model under different semantic and style conditions. Figure 1 below shows the visual 

comparison of the results generated by different models under typical semantic inputs such as 

"Settings", "Shopping cart", "Play". 
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Figure 1. Comparison of generation results of different models under multi semantic input: 

real icon on the left, Stable Diffusion in the middle, IconDiff on the right 

It can be observed from Figure 1 that this method is more accurate in semantic alignment. 

For example, in the "Settings" icon, the gear structure is more regular and the edges are 

continuous. At the same time, in the style control experiment, by changing the input style vector 

𝑆, the model can generate a set of icons with consistent color and line characteristics. Style 

consistency can be measured by embedding spatial distance: 

𝐷𝑠𝑡𝑦𝑙𝑒 =∥ 𝐸𝑆
𝑔𝑒𝑛

− 𝐸𝑆
𝑡𝑎𝑟𝑔𝑒𝑡

∥2 (22) 

The experimental results show that the average style distance of this method is reduced to 

0.18, which is significantly better than the comparison method (about 0.31). In addition, in 

terms of boundary definition, through Edge Overlay visualization, we can intuitively observe 

that the icon generated by this method has obvious advantages in contour continuity and detail 

preservation. 

In the ablation study, to verify the contribution of each module, several variant models are 

constructed for comparative analysis. The ablation results are shown in Table 4. 

Table 4. Ablation results 
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Model variants FID ↓ EA ↑ RS ↑ SC ↑ 

Complete model (IconDiff) 18.63 0.89 0.87 0.83 

Remove structural branches 24.78 0.81 0.79 0.78 

No Cross-Attention fusion 26.11 0.80 0.77 0.75 

Fixed conditional weight 23.45 0.83 0.81 0.79 

No semantic loss 27.92 0.82 0.72 0.76 

No style loss 25.63 0.84 0.80 0.70 

The experimental results show that structure-guided branching significantly contributes to 

improved boundary definition (EA decreases by about 8%), while the conditional fusion 

mechanism has a greater impact on semantic consistency. In addition, semantic loss and style 

loss play key roles in RS and SC indicators respectively, which verifies the necessity of multi-

objective optimization strategy. 

In the analysis of generalization ability, this study focuses on model performance under 

unseen categories and styles. For cross category generation capability, the generalization error 

is defined as: 

ℰ𝑔𝑒𝑛 =∥ 𝑝𝑡𝑒𝑠𝑡( 𝐼 ∣ 𝑇 ) − 𝑝𝑡𝑟𝑎𝑖𝑛( 𝐼 ∣ 𝑇 ) ∥ (23) 

In the experiment, 10 categories of icon semantics that are not involved in the training are 

selected to test. The results show that the FID of this method only increases by about 3.7, which 

is significantly lower than that of the comparison method (the average increase is about 8.9). In 

the style transfer experiment, the model can still generate icons that meet the target style by 

using the unseen style samples as conditional input. As shown in Figure 2 below. 

 

Figure 2. Schematic diagram of no style transfer effect: showing the generation results of 

the same semantic icon under different styles 

It can be observed in Figure 2 that even under the condition of "minimal monochrome 

style" or "gradual style" that does not appear in the training set, the model can still maintain 

consistent structure and achieve reasonable style mapping, indicating that it has good style 

generalization ability. 

In terms of controllability and robustness, text disturbance and noise disturbance 

experiments are used to evaluate. In the text perturbation experiment, the semantic perturbation 

𝛿𝑇 is added to the input description 𝑇, and the degree of change of the generated results is 

measured by the change of CLIP similarity: 
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Δ𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 =∣ cos (𝜙(𝐼𝑜𝑟𝑖𝑔), 𝜓(𝑇)) − cos (𝜙(𝐼𝑝𝑒𝑟𝑡),𝜓(𝑇 + 𝛿𝑇)) ∣ (24) 

The experimental results show that the average change range of the proposed method is 

0.07, which is lower than that of the comparison method (about 0.13), indicating that it is more 

robust to semantic disturbance. In the noise robustness test, the change trend of generation 

quality is observed by increasing the input noise level 𝜎. As shown in Figure 3 below. 

 

Figure 3. Schematic diagram of model performance change curve under different noise 

intensity 

As can be seen from Figure 3, with the increase of noise, the performance of all models 

decreases, but the method in this paper still maintains a low FID (about 22.4) under high noise 

conditions (𝜎 = 0.5 ; σ=0.5), showing stronger stability. Further quantification results are 

shown in Table 5. 

Table 5. Noise robustness test results 

Noise level 𝜎 FID (ours) FID（LDM） EA (ours) EA（LDM） 

0.0 18.63 26.37 0.89 0.82 

0.1 19.05 27.12 0.88 0.80 

0.2 19.84 28.56 0.87 0.78 

0.3 20.91 30.22 0.85 0.76 

0.5 22.40 33.78 0.83 0.72 

0.7 25.16 38.45 0.79 0.68 

From the above experiments, it can be seen that the IconDiff model proposed in this paper 
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is superior to the existing methods in terms of generation quality, structure preservation, 

semantic consistency and style control. At the same time, it shows good stability in terms of 

generalization ability and robustness, which fully verifies the effectiveness and advancement 

of the model design. 

6. DISCUSSION 

Based on the method design and experimental results, it can be seen that the proposed 

intelligent generation algorithm of interface icon based on diffusion model has obvious 

advantages in many key dimensions. First of all, in terms of the generation quality, the model 

introduces the structure perception mechanism, which makes the generated icon significantly 

better than the traditional generation method in terms of contour integrity and boundary 

definition, and can still maintain high recognition and visual stability, especially in small-scale 

image scenes. Secondly, the multimodal conditional control strategy effectively integrates the 

text semantics, style features and attribute information, so that the model has strong controllable 

generation ability under complex input conditions, and can realize the icon output with accurate 

semantics and consistent style. In addition, the cross- scale information injection and multi 

branch collaboration mechanism in the overall architecture enhance the ability of feature 

expression, making the model more adaptive in different semantic categories and style spaces. 

The experimental results show that this method not only achieves a significant improvement in 

the objective evaluation index, but also shows a higher level in the subjective visual quality and 

design usability, reflecting a strong engineering application potential. 

However, the method in this paper still has some limitations. First, model performance 

depends largely on the quality and distribution of the training data. When the data is unbalanced 

in semantic categories or style types, the model is prone to bias in the generation process, which 

is manifested as over fitting of high-frequency categories and insufficient expression of low-

frequency categories. This data dependency not only affects the generalization ability of the 

model, but also limits its application in diverse design requirements. Secondly, the current 

methods still face some challenges in the generation of high-resolution icons. With the 

improvement of image resolution, the computational cost of the model increases significantly. 

At the same time, it is more difficult to maintain the detail consistency and structural stability, 

which is prone to local blur or structural distortion. Given the requirements for high definition 

and fine-grained expression in real-world interface design, this issue still requires further 

optimization. 

In view of the above shortcomings, future research can be improved from multiple 

directions. On the one hand, we can explore expanding the generated output from traditional 

pixel space to vector graphics representations, achieving resolution-independent icon 

generation by directly modeling geometric structures and path information. This not only helps 

to improve the clarity and editability of icons, but also meets the needs of practical design tools. 

On the other hand, in terms of model efficiency, it is necessary to introduce lightweight design 

strategy to reduce computational overhead and improve reasoning speed. For example, through 

model compression, parameter sharing or efficient network structure design, the scale of the 

model can be reduced under the premise of ensuring the quality of generation, so as to improve 

its deployment ability in the actual system. In addition, combined with more efficient sampling 

mechanism, it is expected to further shorten the generation time and make the model more 

suitable for interactive design scenarios. 

In general, the method in this paper achieves the comprehensive improvement of the 

generation quality, structure expression and condition control ability in the task of interface 

icon generation, but it still needs to be continuously optimized in terms of data dependence and 

computational efficiency. If future research can achieve a better balance between representation 

and model efficiency, it is expected to promote the wide application of this technology in the 

field of practical design. 
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7. CONCLUSION 

Focusing on the automatic generation of interface icons— a research problem with 

significant application value and prominent technical challenges— this paper proposes an 

intelligent generation method based on a diffusion model and constructs a complete technical 

framework tailored to icon design scenarios. Through the in-depth analysis of the characteristics 

of icon data, this paper introduces the structure perception mechanism and multimodal 

conditional control strategy based on the traditional diffusion model, and systematically 

improves the model architecture, conditional fusion method and optimization objectives. The 

proposed IconDiff model can not only effectively capture the semantic information of icons, 

but also maintain clear geometric structure and consistent visual style in the generation process, 

so as to achieve high quality and high controllability of icon generation. The experimental 

results show that this method is significantly superior to the existing mainstream methods in 

many objective evaluation indexes and subjective visual evaluation, which verifies its 

effectiveness and advancement in this field. 

In terms of research significance, this paper has achieved an important change from 

"coarse-grained image generation" to "structure and semantic collaborative modeling" in the 

field of interface icon generation. In contrast to previous generative models that focused solely 

on visual quality, this work places greater emphasis on the structural characteristics and design 

constraints of icons as a specialized visual object, making the generated results not only 

"visible" but also "usable". At the same time, the multimodal condition driven generation 

mechanism improves the response ability of the model to complex design requirements, and 

provides a more flexible and efficient technical path for automated UI design. This research 

makes up for the deficiency of current generation model in fine-grained visual design tasks to 

a certain extent, and has positive significance in promoting the development of intelligent 

design tools. 

Although this paper has made some progress, the intelligent generation of interface icons 

is still a direction worthy of continuous and in-depth exploration. Future research can further 

expand the expression ability and application scope of the generative model, such as exploring 

more suitable expressions for design scenarios, introducing higher-level structural and 

interactive semantic information, and improving the stability and generalization ability of the 

model under complex conditions. In addition, with the deep integration of generation model 

and design tools, how to achieve efficient, real-time and interactive generation mechanism will 

also become one of the important research directions. In general, this paper provides a scalable 

technology paradigm for the research of icon generation based on diffusion model, and lays a 

good foundation for subsequent research. 
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