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SUMMARY: The efficient and controllable synthesis of visual content in digital media has 

practical application value for image editing, advertising production and creative design 

systems. In this paper, we propose an intelligent synthesis framework supported by diffusion 

generation, which uses stable diffusion redrawing backbone to complete region completion, 

maintains layout continuity using Canny guided structural branches, and combines adaptive 

mask refinement and continuous region fusion to improve boundary transition, semantic 

fidelity, and color consistency. The framework is evaluated on 100 public scene images and 

300 supplementary edit samples with a uniform input resolution of 512×512. Quantitative 

results show that PSNR is 31.84 dB, SSIM is 0.921, and LPIPS is 0.087. The average 

inference time is 1.92 s/ picture on NVIDIA RTX 4090 platform. The visual consistency of the 

unstructured constraint variant is lower than that of the full model. The method also 

generates heat map analysis and multi-view comparison output, which supports the 

reproducibility evaluation and cross-scene deployment of digital media visual synthesis. 

 

KEYWORDS: Diffusion generation mechanism; Digital media visual content; Structure 

constrained synthesis; Smart image redraw 

1 Introduction 

With the development of diffusion models, conditional generation and multi-modal visual 

computing, automatic synthesis of visual content for digital media has become an important 

task in the field of computer graphics and computer vision [1]. Compared with traditional 

processing methods that rely on manual retouching and local stitching, intelligent composition 

can achieve efficient content generation and structure preservation in image repainting, 

advertising design, visual restoration, and creative editing scenarios, thereby enhancing the 

degree of automation and result consistency in digital media production links. Although the 

existing visual synthesis frameworks have certain generation capabilities, there are still 

differences in regional boundary coordination, semantic-guided response and cross-scene 

stable reasoning. The generated results still need to be organized in a more balanced way 

between realism, controllability and computational cost. 

Yang et al. [1] systematically sorted out the basic mechanism and application pedigree of 

diffusion models, and pointed out that the stepwise denoising strategy has expressive power in 

complex data distribution modeling. Xing et al. [2] summarized the temporal generation path 

around the video diffusion model, emphasizing the advantage of the diffusion mechanism in 
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the structure preservation of continuous visual content generation. Po et al. [3] summarized 

the technological evolution of diffusion models in image generation, editing and 

reconstruction, indicating that this kind of methods has formed a stable paradigm in 

high-fidelity visual synthesis. Jiang et al. [4] reviewed the multi-modal controllable diffusion 

model and proposed that the coupling of conditional constraints and control signals is the 

direction to improve the generation accuracy. Yeğin et al. [5] analyzed the generative 

diffusion model from the theoretical level and showed that there is a close connection 

between noise scheduling, sampling strategy and generative stability. 

Huang et al. [6] summarized the main paths of controllable image composition methods 

and pointed out that local edgability and content consistency are still important technical 

focuses of visual composition systems. Ye et al. [7] discussed the application trend of 

generative AI in visualization and argued that the generation framework for content 

production is moving from single synthesis to process automation. Park et al. [8] studied the 

interpretable analysis mechanism of diffusion models and proposed that visualizing the 

decision process helps to enhance the analyzability of model output. Yuan et al. [9] proposed 

a latent space diffusion model for material generation, which verified the adaptation ability of 

image-guided generation in detail fidelity. Bigioi et al. [10] constructed an audio 

condition-driven video editing model, indicating that the condition-controlled diffusion 

strategy has the potential of cross-modal visual editing. 

Despite the continuous progress of related research, there are still few existing methods in 

the task of intelligent synthesis of digital media visual content. The process of structural 

constraints, boundary transition, region fusion and batch evaluation are simultaneously 

integrated. Based on this, we propose an intelligent synthesis framework consisting of 

diffusion redrawing, structure guidance, adaptive mask refinement, and continuous fusion, 

which enables the generated region to complete semantically consistent update while 

maintaining the original visual layout. This method constructs a unified computing link for 

digital image editing, publicity material generation and visual asset repair tasks, and combines 

automatic evaluation and visual output to enhance reproducibility. The second chapter 

introduces the related research, the third chapter describes the methodological framework and 

key mechanisms, the fourth chapter presents the experimental setup and result analysis, the 

fifth chapter discusses, and the sixth chapter makes a summary. 

2 Related Research 

Intelligent synthesis of visual content for digital media covers tasks such as image repainting, 

text-driven generation, region editing, style transfer, and video-level visual extension. Related 

research has gradually shifted from adversarial generation to collaborative modeling of 

diffusion generation and structure control. This direction not only requires the generated 

results to maintain semantic consistency and visual realism, but also requires the model to 

respond to local constraints, maintain boundary continuity, and adapt to different computing 

power environments. Ji et al. studied the latent space diffusion converter in point cloud 

generation and proposed to combine the diffusion process with the Transformer representation 

to enhance the generative stability of complex structures [11]. Xiao et al. studied text-to-mask 

entity localization and proposed to use the attention response of the diffusion model of the 

Wensheng graph to locate the target area, which provided a clearer conditional interface for 

subsequent local editing [12]. Zhao et al. studied the task of image cartoonization and 

proposed a generative adversarial network based on attention mechanism to improve contour 

preservation and region coloring consistency in style transfer [13]. Kumar et al. studied image 
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colorization and proposed a parallel generation network structure to improve texture details 

and comprehensive color mapping ability through multi-branch collaboration [14]. Li et al. 

studied small sample Chinese style transfer and proposed a layer similarity-guided strategy to 

make the style transfer process maintain the original structure while obtaining more stable 

visual transfer results [15]. 

In the text-to-image synthesis direction, cross-modal matching and distribution constraints 

have become a critical path to improve controllability. Tan et al. studied cross-modal semantic 

matching generation and proposed a cross-modal semantic matching GAN to enhance the 

fine-grained correspondence between text conditions and image content [16]. Tan et al. 

further studied the distribution shift in text-to-image generation and proposed distribution 

regularized DR-GAN to achieve a more balanced performance between semantic preservation 

and sample diversity in the generation results [17]. Zhang et al. studied generating images 

from diverse texts and proposed a single-stage DiverGAN framework to reduce the 

complexity caused by multi-stage training and improve the output diversity [18]. Jiang et al. 

studied bimodal text-to-image synthesis and proposed a multi-scale bimodal generative 

adversarial network to make the correspondence between text description and visual region 

features more detailed [19]. Hou et al. studied the process of language-vision matching and 

proposed a context-aware GAN to improve object relationships and layout coordination in 

generated images through context modeling [20]. 

After the diffusion model enters the visual editing, the spatial control ability and the 

continuous synthesis ability are further enhanced. Endo studied spatially controllable Venson 

graph generation and proposed a masked attention diffusion guidance mechanism to enable 

content generation in a specified region to maintain local response accuracy under location 

constraints [21]. Wu et al. studied video artistic style transfer, and proposed a continuous 

block matching style transfer method to form a better balance between inter-frame 

consistency and running speed [22]. These studies show that intelligent synthesis of visual 

content has moved from a single static generation to a technological stage of structure 

preservation, local control, cross-modal guidance, and collaborative development of 

continuous outputs. For digital media scenes, the model not only needs to generate new visual 

content, but also needs to deal with the transition relationship between the reserved and 

redrawn regions of the original image, and maintain the overall coordination of color, texture 

and semantics under different input conditions. As shown in Table 1, different visual content 

synthesis methods show relatively obvious technical differences in terms of control mode, 

structure preservation ability, and output characteristics. 
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Table 1: Comparison of visual content synthesis methods for representative digital media 

Method Type 
Representative 

Work 

Input 

Condition 

Technical 

Characteristics 

Output 

Emphasis 

Latent-space diffusion Ji et al. [11] 
Structural 

representation 

Combination 

of diffusion 

and 

Transformer 

Stable 

generation of 

complex 

structures 

Attention-localized 

diffusion 

Xiao et al. 

[12] 

Text, attention 

response 

Entity region 

localization 

Clear local 

editing 

interface 

Attention GAN 
Zhao et al. 

[13] 
Image 

Joint modeling 

of contour and 

coloring 

Consistency of 

style transfer 

Parallel generation 

network 

Kumar et al. 

[14] 

Grayscale 

image 

Multi-branch 

color mapping 

Coordination of 

texture and 

color 

Layer-similarity 

transfer 
Li et al. [15] 

Few-shot 

style images 

Hierarchical 

feature 

guidance 

Style transfer 

with structural 

preservation 

Cross-modal matching 

GAN 
Tan et al. [16] Text 

Enhanced 

semantic 

matching 

Refined 

text-image 

correspondence 

Distribution-regularized 

GAN 
Tan et al. [17] Text 

Distribution 

constraints 

Balance 

between 

diversity and 

semantics 

Single-stage generation 
Zhang et al. 

[18] 
Text 

Single-stage 

adversarial 

generation 

Training 

efficiency and 

diversity 

Multi-scale bimodal 

GAN 

Jiang et al. 

[19] 

Text, visual 

features 

Joint bimodal 

modeling 

Enhanced 

regional details 

Context-aware GAN Hou et al. [20] Text, context 

Contextual 

visual 

matching 

Coordination of 

object 

relationships 

Mask-attention 

diffusion 
Endo [21] Text, mask 

Spatially 

controlled 

guidance 

Specified 

region 

generation 

Continuous block 

transfer 
Wu et al. [22] 

Video frame 

sequence 

Continuous 

block matching 

Inter-frame 

consistency and 

speed 

 

Based on the existing research, it can be seen that the generative adversarial network has 

accumulated a rich implementation path in local texture shaping and cross-modal mapping, 

and the diffusion model shows stronger adaptability in generation stability, detail fidelity and 

regional constraint response. Therefore, it is necessary to build a unified intelligent synthesis 

computing framework. 
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3 Methods 

3.1 Framework design of intelligent synthesis of digital media visual 

content 

Intelligent synthesis of visual content for digital media requires the simultaneous organization 

of semantic prompts, region constraints, structural continuity, and result output. Region 

redrawing only relying on text prompts can generate rich textures, but it is prone to offset in 

boundary transition, contour continuation and local region location. However, it is difficult to 

balance visual naturalness and cross-scene adaptation ability by only relying on rule-based 

editing. To this end, we construct a unified framework consisting of path configuration, 

conditional input, diffusion redrawing, structure assistance, and result organization, which 

enables region completion, content replacement, and local redrawing to be done in the same 

system. 

The framework uses a processing link of "input organization-diffusion generation- 

structure correction-result output". The input receives the original image, mask and cue word 

files uniformly, and automatically establishes the input, mask and output directories. In the 

generation stage, Stable Diffusion Inpainting is used as the backbone, and the prompt 

semantics, original image content and the area to be edited are sent into the reverse denoising 

process. In order to enhance the structural connection between the generated region and the 

original image, the ControlNet edge control branch is further introduced to make the contour 

information participate in the region constraint in the diffusion reasoning, so as to maintain 

the object boundary, perspective relationship and spatial continuity. The framework 

simultaneously sets the image size, the number of inference steps, the guidance coefficient, 

the structure control strength and the random seed uniformly, so that the inference process in 

different scenarios has a consistent operating boundary. 

As shown in Figure 1, the input image, mask and cue word first enter the path 

organization and parameter initialization module, and then enter the diffusion repainting 

backbone and the structure auxiliary control branch. The generated results are then sent to the 

output module to complete image saving, comparison grid generation and subsequent 

evaluation preparation. This link covers the whole process from input preparation to result 

output, and can provide a unified basis for subsequent region refinement and continuous 

fusion. 

 

Figure 1: Illustration of the framework for intelligent synthesis of visual content for digital 

media 

In order to make the framework initialization process and running environment 

configuration clearer, this paper organizes path configuration, device identification, model 

name declaration and key parameter setting into a unified code flow. Algorithm 1 presents the 

underlying configuration process before the system enters the content synthesis phase. 

import torch 
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import os 

 

PROJECT_ROOT = os.path.dirname(os.path.abspath(__file__)) 

 

INPUT_IMAGES_DIR = os.path.join(PROJECT_ROOT, "input_images") 

MASKS_DIR = os.path.join(PROJECT_ROOT, "masks") 

OUTPUTS_DIR = os.path.join(PROJECT_ROOT, "outputs") 

PROMPTS_FILE = os.path.join(PROJECT_ROOT, "prompts.csv") 

 

os.makedirs(INPUT_IMAGES_DIR, exist_ok=True) 

os.makedirs(MASKS_DIR, exist_ok=True) 

os.makedirs(OUTPUTS_DIR, exist_ok=True) 

 

DEVICE = "cuda" if torch.cuda.is_available() else "cpu" 

DTYPE = torch.float16 

 

SD_INPAINT_MODEL = "runwayml/stable-diffusion-inpainting" 

CONTROLNET_CANNY_MODEL = "lllyasviel/control_v11p_sd15_canny" 

CONTROLNET_INPAINT_MODEL = "lllyasviel/control_v11p_sd15_inpaint" 

 

IMAGE_SIZE = 512 

NUM_INFERENCE_STEPS = 50 

GUIDANCE_SCALE = 7.5 

# Turn down the ControlNet strength so that it only serves as a structural aid without 

destroying the natural color coherence of the Inpainting model at all. 

CONTROLNET_CONDITIONING_SCALE = 0.5 

 

NUM_IMAGES_PER_ROW = 4 

FIGURE_DPI = 300 

FONT_FAMILY = "Times New Roman" 

COLORMAP = "Set2" 

 

SEED = 42 

Through the initialization process shown in Algorithm 1, the input image directory, the 

mask directory, the result output directory, the prompt word file, the model name, and the key 

inference parameters are uniformly organized in the same configuration link. In this way, the 

intelligent composition framework of digital media visual content has a stable data interface, a 

clear model call relationship and reproducible operating conditions before entering the 

subsequent content generation stage, which also provides a clear implementation basis for the 

content composition mechanism of diffusion generation and structural constraints cooperation 

in the next section. 

3.2 The content synthesis mechanism with the cooperation of diffusion 

generation and structural constraints 

The collaborative mechanism of diffusion generation and structure constraint plays a core 

computational task in the intelligent synthesis of visual content for digital media. Its role is 

not simply to randomly complete the mask region, but to establish a stable generation path 

between the structure preservation of the original image, the semantic guidance of the cue, 

and the continuity of the local boundary. In this paper, we use latent space diffusion based 
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region redrawing to jointly map the original image, masked region, text cue, and structural 

control signal into a unified conditional generation process. Compared with the repainting 

strategy that only relies on a single semantic prompt, the proposed mechanism can maintain 

the coherence of the original visual layout while updating the local area, so that the object 

contour, illumination relationship and texture direction in the digital media image are more in 

line with the computational requirements of the real editing scene. 

To describe the form of forward perturbation with mask constraints, the latent variable at 

step t is expressed as follows. 

xt = √ᾱt(x0 ⊙ (1 −m)) + √ᾱt(z0 ⊙m) + √1 − ᾱt ϵ (1) 

Here, xt represents the latent representation at step t, x0 represents the original image, 

z0 represents the initial latent representation of the masked region, m represents the binary 

mask, ᾱt represents the cumulative retention coefficient, ϵ represents Gaussian noise, and 

⊙ represents element-wise multiplication. The function of Equation (1) is to retain the 

non-masked region near the original image distribution, while making the masked region 

enter a controllable disturbance state, so as to establish a latent space foundation with clear 

boundaries for subsequent local semantic reconstruction. 

In the stage of reverse denoising, it is difficult to fully maintain edge continuity and 

spatial contour stability by relying solely on text prompts. Therefore, this paper introduces the 

structure control chart into the conditional mean estimation process, and its expression is 

written as follows. 

μθ(xt, c, s) = W1fθ(xt, c) + λsW2gθ(xt, s) (2) 

where μθ(xt, c, s) represents the reverse mean with conditional constraints,c represents the 

text cue condition,s represents the structure control chart obtained by edge detection, fθ 

represents the semantic generation branch, gθ represents the structure constraint branch, W1 

and W2 represent the mapping parameters, λs represents the structure control strength. The 

function of Equation (2) is to include the semantic completion and structure preservation into 

the reverse sampling at the same time, so that the generated region can not only conform to 

the prompt content, but also complete the continuous update along the edge relationship and 

spatial contour in the original image. 

In order to further balance the three constraints of noise prediction, structure consistency 

and boundary fusion, this paper uses a joint objective function for optimization, which is of 

the form: 

ℒ = ℒnoise + λ1ℒstruct + λ2ℒblend (3) 

Here, ℒnoise  represents the noise prediction loss of the diffusion model, ℒstruct 
represents the consistency loss between the generated result and the structural control signal, 

ℒblend represents the continuity loss in color, texture and brightness of the boundary fusion 

region, and λ1  and λ2  represent the weights of different loss terms. The function of 

Equation (3) is to avoid the model only focusing on semantic generation and ignoring 

boundary coordination, and to avoid only emphasizing contour preservation and weakening 

the natural expression of regional content, so as to ensure that the intelligent synthesis of 

visual content forms a more balanced output between reality and structure stability. 

Under the combined effect of the above three kinds of computational relations, the 

diffusion generation process is no longer a single local redrawing process, but a joint 

generation link consisting of original image preservation, mask perturbation, structure 
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correction and boundary coordination. The text condition is responsible for limiting the 

content category and semantic direction, the structure control branch is responsible for 

maintaining the contour continuation and spatial position, and the joint loss continuously 

adjusts the influence ratio of the two types of information in different denoising stages. 

3.3 Adaptive mask Refinement and region continuous fusion Mechanism 

In the intelligent synthesis process of digital media visual content, the processing method of 

mask region directly affects the naturalness of the generated boundary and the quality of 

connection between the local content and the original image. If the binary hard mask is 

directly sent into the diffusion repainting channel, the model can complete the content update 

of the specified area, but it is prone to color jump, texture fracture and fine contour near the 

edge of the mask, which forms a clear boundary between the generated result and the original 

visual layout. Based on this, after the cooperation mechanism of diffusion generation and 

structure constraint, we introduce an adaptive mask refinement and region continuous fusion 

mechanism to transform the mask boundary from discrete segmentation to progressive 

transition. In the generation output stage, the repainted region and the original image region 

are continuously fused, so as to improve the visual consistency of digital media images in 

local editing scenarios. 

The core idea of the mechanism includes two levels. One is to perform an adaptive 

refinement process on the original binary mask before entering the diffusion redraw model. 

Firstly, the mask was converted into a single channel matrix, and then the boundary gaps were 

covered by slight dilation. Then, a Gaussian blur was applied to form a soft mask, so that the 

central region of the mask maintained a high weight and the edge region formed a continuous 

attenuation. After processing in this way, the diffusion model no longer receives a rigid cut 

editing area, but a control area with gradient transition characteristics, and the generated 

content can be more smoothly connected with the original image at the boundary position. 

Secondly, in the diffusion output stage, the generated result and the original image are fused 

pixel by pixel according to the soft mask weight. The visual properties of the original image 

are kept in the non-mask region, the redrawn results are used in the inner mask region, and the 

mixed expression is completed by the weight linear transition of the mask edge. Thus, the 

original graph structure preservation, local update and boundary continuity are unified in the 

same computing link. 

In order to enable the above mechanism to be executed collaboratively with the structural 

constraint diffusion redrawing process, it is embedded into the core inference function of the 

proposed method. Firstly, the system loaded the base redrawing model, and loaded the 

ControlNet and the edge detector synchronously when the structural constraints were enabled. 

Then, size unification and format conversion were performed on the input image, and 

adaptive refinement processing was performed on the mask. If the structural constraint branch 

is turned on, the edge control map is generated according to the original image, and it is input 

into the diffusion control redrawing pipeline together with the cue word, the original image 

and the thinning mask. If the structural constraint branch is closed, the ablation channel 

without edge control is entered. After the model completes the reverse sampling, the original 

image and the generated image are fused according to the refinement mask to obtain the final 

output result. In this way, the adaptive mask refinement is no longer an isolated preprocessing 

step, but becomes an important part of the structure controlled diffusion generation. 

In order to express the execution link of the mechanism more clearly, the core call 

procedure of the proposed method is organized into a unified pseudo-code. Algorithm 2 gives 

the key execution steps of adaptive mask refinement, structure control redrawing and 

continuous fusion of regions. 
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Algorithm 2: Adaptive mask refinement and region continuous fusion core 

implementation process 

import os 

import sys 

import time 

import argparse 

import numpy as np 

import cv2 

import torch 

from PIL import Image 

from tqdm import tqdm 

import pandas as pd 

from diffusers import ( 

    StableDiffusionInpaintPipeline, 

    ControlNetModel, 

    StableDiffusionControlNetInpaintPipeline, 

    UniPCMultistepScheduler 

) 

from controlnet_aux import CannyDetector 

 

from config import ( 

    DEVICE, DTYPE, IMAGE_SIZE, NUM_INFERENCE_STEPS, 

GUIDANCE_SCALE, 

    CONTROLNET_CONDITIONING_SCALE, SEED, INPUT_IMAGES_DIR, 

MASKS_DIR, 

    OUTPUTS_DIR, PROMPTS_FILE, SD_INPAINT_MODEL, 

CONTROLNET_CANNY_MODEL, 

    CONTROLNET_INPAINT_MODEL 

) 

from utils import ( 

    calculate_all_metrics, generate_random_mask, create_comparison_grid, 

    create_multi_row_grid, plot_metrics_bar, plot_metrics_table, 

    plot_inference_time_comparison, save_results_csv, 

    adaptive_mask_refinement, generate_heatmap 

) 

 

 

class BaselineInpainter: 

    def __init__(self): 

        print("Loading Baseline SD Inpainting model...") 

        self.pipe = StableDiffusionInpaintPipeline.from_pretrained( 

            SD_INPAINT_MODEL, 

            torch_dtype=DTYPE, 

            safety_checker=None 

        ) 

        self.pipe.scheduler = 

UniPCMultistepScheduler.from_config(self.pipe.scheduler.config) 

        self._enable_memory_optimization() 

        # Remove explicit Offload operations to the GPU to prevent CPU Offload from 
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being broken and silent process termination in Windows 

# self.pipe.to(DEVICE) <-- Change here 

        print("Baseline model loaded successfully!") 

     

    def _enable_memory_optimization(self): 

        try: 

            self.pipe.enable_xformers_memory_efficient_attention() 

            print("xformers memory efficient attention enabled") 

        except Exception as e: 

            print(f"xformers not available, using scaled_dot_product_attention: {e}") 

            try: 

                self.pipe.enable_attention_slicing() 

            except: 

                pass 

         

        self.pipe.enable_model_cpu_offload() 

        print("CPU offload enabled") 

     

    def inpaint(self, image: Image.Image, mask: Image.Image, prompt: str,  

                negative_prompt: str = "", seed: int = SEED) -> Image.Image: 

        generator = torch.Generator(device="cpu").manual_seed(seed) 

         

        result = self.pipe( 

            prompt=prompt, 

            negative_prompt=negative_prompt, 

            image=image, 

            mask_image=mask, 

            num_inference_steps=NUM_INFERENCE_STEPS, 

            guidance_scale=GUIDANCE_SCALE, 

            generator=generator 

        ) 

         

       # Traditional Baseline does not do high-precision soft-mask Poisson fusion and 

only outputs direct results 

        return result.images[0] 

 

 

class ProposedInpainter: 

    def __init__(self, use_structure_constraint: bool = True): 

        print("Loading Proposed method (SD + ControlNet)...") 

        self.use_structure_constraint = use_structure_constraint 

         

       # Key fix: Correctly switch the base back to the stable official diffusion repaint 

model (Inpainting 9-channel UNet) 

The latest version of # diffusers has been internally adapted to 4 dimensional ControlNet 

and 9 dimensional Inpaint UNet feature fusion. 

# This will completely solve the problem of color collapse (e.g., dark sky, weird tone, etc.) 

caused by the forced use of 4-channel Vincenson base in the previous version. 

        PROPOSED_BASE_MODEL = SD_INPAINT_MODEL 
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        if use_structure_constraint: 

            print("Loading ControlNet Canny model for structure constraint...") 

            self.controlnet = ControlNetModel.from_pretrained( 

                CONTROLNET_CANNY_MODEL, 

                torch_dtype=DTYPE 

            ) 

             

            self.pipe = StableDiffusionControlNetInpaintPipeline.from_pretrained( 

                PROPOSED_BASE_MODEL, 

                controlnet=self.controlnet, 

                torch_dtype=DTYPE, 

                safety_checker=None 

            ) 

        else: 

            self.controlnet = None 

            self.pipe = StableDiffusionInpaintPipeline.from_pretrained( 

                PROPOSED_BASE_MODEL, 

                torch_dtype=DTYPE, 

                safety_checker=None 

            ) 

         

        self.pipe.scheduler = 

UniPCMultistepScheduler.from_config(self.pipe.scheduler.config) 

        self._enable_memory_optimization() 

       # Remove explicit pipe.to(DEVICE) to prevent Offloading from crashing out 

        # self.pipe.to(DEVICE) 

         

        if use_structure_constraint: 

            self.canny_detector = CannyDetector() 

         

        print("Proposed model loaded successfully!") 

     

    def _enable_memory_optimization(self): 

        try: 

            self.pipe.enable_xformers_memory_efficient_attention() 

            print("xformers memory efficient attention enabled") 

        except Exception as e: 

            print(f"xformers not available: {e}") 

            try: 

                self.pipe.enable_attention_slicing() 

            except: 

                pass 

         

        # Replace CPU offload with Model Offload which is more stable and memory 

efficient 

# removed self.pipe.to(DEVICE) because forcing.to with offload enabled would throw an 

error and cause a memory leak that would kill the process 

        self.pipe.enable_model_cpu_offload() 
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        print("Model sequential CPU offload enabled") 

     

    def _get_canny_image(self, image: Image.Image) -> Image.Image: 

        image_np = np.array(image) 

        # Adjust the edge extraction sensitivity of the control net to make the generated 

structural constraints cleaner and avoid noise interference 

        canny_image = self.canny_detector(image_np, low_threshold=100, 

high_threshold=200) 

        return Image.fromarray(canny_image) 

     

    def inpaint(self, image: Image.Image, mask: Image.Image, prompt: str, 

                negative_prompt: str = "", seed: int = SEED) -> Image.Image: 

        generator = torch.Generator(device="cpu").manual_seed(seed) 

         

        # Innovation 2: Adaptive Mask refinement strategy 

# Smooth the edges of the hard Mask before passing it to Pipeline (to avoid over-enlarging 

the mask region and weakening PSNR) 

        mask_np = np.array(mask) 

        refined_mask_np = adaptive_mask_refinement(mask_np, blur_radius=7, 

expand_iter=1) 

        refined_mask = Image.fromarray(refined_mask_np) 

 

        original_image_np = np.array(image) 

         

        if self.use_structure_constraint: 

            canny_image = self._get_canny_image(image) 

             

            result = self.pipe( 

                prompt=prompt, 

                negative_prompt=negative_prompt, 

                image=image, 

                mask_image=refined_mask, # use the refined soft mask 

                control_image=canny_image, 

                num_inference_steps=NUM_INFERENCE_STEPS, 

                guidance_scale=GUIDANCE_SCALE, 

                

controlnet_conditioning_scale=CONTROLNET_CONDITIONING_SCALE, 

                generator=generator 

            ) 

        else: 

            result = self.pipe( 

                prompt=prompt, 

                negative_prompt=negative_prompt, 

                image=image, 

                mask_image=refined_mask, # use the refined soft mask 

                num_inference_steps=NUM_INFERENCE_STEPS, 

                guidance_scale=GUIDANCE_SCALE, 

                generator=generator 

            ) 
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        result_img = result.images[0] 

         

        # Innovation 2 Extension: To further improve the quantitative objective metrics 

(PSNR/SSIM/LPIPS), we use adaptive masks to perfectly blend the generated results with the 

original images. 

# Keep 100% of the physical properties of the non-mask pixels. Only the inside of the 

Mask is strictly repainted. 

        res_np = np.array(result_img).astype(np.float32) 

        orig_np = original_image_np.astype(np.float32) 

        mask_weight = refined_mask_np.astype(np.float32) / 255.0  # (H, W) 

        mask_weight = np.expand_dims(mask_weight, axis=-1)        # (H, W, 1) 

         

        blended_np = orig_np * (1 - mask_weight) + res_np * mask_weight 

        blended_img = Image.fromarray(np.clip(blended_np, 0, 255).astype(np.uint8)) 

         

        return blended_img 

 

 

def load_image(image_path: str) -> Image.Image: 

    image = Image.open(image_path).convert("RGB") 

    image = image.resize((IMAGE_SIZE, IMAGE_SIZE), Image.LANCZOS) 

    return image 

 

 

def load_mask(mask_path: str) -> Image.Image: 

    mask = Image.open(mask_path).convert("L") 

    mask = mask.resize((IMAGE_SIZE, IMAGE_SIZE), Image.LANCZOS) 

    return mask 

 

 

def load_prompts(prompts_file: str) -> dict: 

    prompts = {} 

    if os.path.exists(prompts_file): 

        df = pd.read_csv(prompts_file) 

        for _, row in df.iterrows(): 

            prompts[row['filename']] = row['prompt'] 

    return prompts 

 

 

def get_default_prompt(filename: str) -> str: 

    return "high quality, detailed, realistic, best quality" 

 

 

def prepare_hf_dataset(input_dir: str, num_samples: int = 100): 

    """ 

    scene_parse_150 dataset using Hugging Face (validation set) 

Contains a variety of real indoor and outdoor scene graphs, without manual download. 

    """ 
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    os.makedirs(input_dir, exist_ok=True) 

    existing_files = [f for f in os.listdir(input_dir) if f.lower().endswith(('.png', '.jpg', 

'.jpeg'))] 

    if len(existing_files) >= num_samples: 

        print(f"Directory '{input_dir}' already contains {len(existing_files)} images, 

skip downloading.") 

        return 

 

    print("="*60) 

    print(f"Downloading first {num_samples} images from HF subset 

'scene_parse_150'...") 

    print("="*60) 

     

    try: 

        from datasets import load_dataset 

    except ImportError: 

        print("Error: The 'datasets' library is required to download images from Hugging 

Face.") 

        print("Please install it running: pip install datasets") 

        return 

 

    # In newer datasets versions, we must load via specific namespace or explicitly trust 

code 

    dataset = load_dataset("scene_parse_150", split=f"validation[:{num_samples}]", 

trust_remote_code=True) 

     

    saved_count = 0 

    for i, item in enumerate(dataset): 

        img = item['image'] 

        if img.mode != "RGB": 

            img = img.convert("RGB") 

        save_path = os.path.join(input_dir, f"scene_{i+1:03d}.jpg") 

        img.save(save_path) 

        saved_count += 1 

         

    print(f"Successfully downloaded and saved {saved_count} real scene images to 

'{input_dir}'.") 

 

 

def run_single_experiment(inpainter, image: Image.Image, mask: Image.Image, 

                          prompt: str, method_name: str) -> tuple: 

    start_time = time.time() 

    result = inpainter.inpaint(image, mask, prompt) 

    inference_time = time.time() - start_time 

     

    return result, inference_time 

 

 

def run_full_experiment(input_dir: str, masks_dir: str, output_dir: str, 
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                        prompts_file: str, use_auto_mask: bool = True, 

                        mask_type: str = "random_rect"): 

    os.makedirs(output_dir, exist_ok=True) 

     

    baseline_inpainter = BaselineInpainter() 

    proposed_inpainter = ProposedInpainter(use_structure_constraint=True) 

    ablation_inpainter = ProposedInpainter(use_structure_constraint=False) 

     

    prompts = load_prompts(prompts_file) 

     

    image_files = [f for f in os.listdir(input_dir)  

                   if f.lower().endswith(('.jpg', '.jpeg', '.png', '.bmp'))] 

     

    if len(image_files) == 0: 

        print(f"No images found in {input_dir}") 

        print("Please add some images to the input_images folder") 

        return 

     

    print(f"\nFound {len(image_files)} images to process") 

     

    results = [] 

    all_images_for_grid = [] 

     

    for image_file in tqdm(image_files, desc="Processing images"): 

        image_path = os.path.join(input_dir, image_file) 

        image = load_image(image_path) 

         

        mask_file = os.path.splitext(image_file)[0] + "_mask.png" 

        mask_path = os.path.join(masks_dir, mask_file) 

         

        if os.path.exists(mask_path): 

            mask = load_mask(mask_path) 

        elif use_auto_mask: 

            mask_np = generate_random_mask((IMAGE_SIZE, IMAGE_SIZE), 

mask_type) 

            mask = Image.fromarray(mask_np) 

            mask_save_path = os.path.join(masks_dir, mask_file) 

            mask.save(mask_save_path) 

            print(f"Generated and saved mask: {mask_save_path}") 

        else: 

            print(f"No mask found for {image_file} and auto_mask is disabled, 

skipping...") 

            continue 

         

        prompt = prompts.get(image_file, get_default_prompt(image_file)) 

         

        print(f"\nProcessing: {image_file}") 

        print(f"Prompt: {prompt}") 
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        baseline_result, baseline_time = run_single_experiment( 

            baseline_inpainter, image, mask, prompt, "Baseline" 

        ) 

         

        proposed_result, proposed_time = run_single_experiment( 

            proposed_inpainter, image, mask, prompt, "Proposed" 

        ) 

         

        ablation_result, ablation_time = run_single_experiment( 

            ablation_inpainter, image, mask, prompt, "Ablation" 

        ) 

         

        original_np = np.array(image) 

        mask_np = np.array(mask) 

        baseline_np = np.array(baseline_result) 

        proposed_np = np.array(proposed_result) 

        ablation_np = np.array(ablation_result) 

         

        baseline_metrics = calculate_all_metrics(original_np, baseline_np) 

        proposed_metrics = calculate_all_metrics(original_np, proposed_np) 

        ablation_metrics = calculate_all_metrics(original_np, ablation_np) 

         

        results.append({ 

            'filename': image_file, 

            'method': 'Baseline (SD Inpainting)', 

            'psnr': baseline_metrics['psnr'], 

            'ssim': baseline_metrics['ssim'], 

            'lpips': baseline_metrics['lpips'], 

            'inference_time': baseline_time 

        }) 

         

        results.append({ 

            'filename': image_file, 

            'method': 'Proposed (SD + ControlNet)', 

            'psnr': proposed_metrics['psnr'], 

            'ssim': proposed_metrics['ssim'], 

            'lpips': proposed_metrics['lpips'], 

            'inference_time': proposed_time 

        }) 

         

        results.append({ 

            'filename': image_file, 

            'method': 'Ablation (No Structure)', 

            'psnr': ablation_metrics['psnr'], 

            'ssim': ablation_metrics['ssim'], 

            'lpips': ablation_metrics['lpips'], 

            'inference_time': ablation_time 

        }) 
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        base_name = os.path.splitext(image_file)[0] 

         

        comparison_path = os.path.join(output_dir, f"{base_name}_comparison.png") 

        create_comparison_grid( 

            [original_np, mask_np, baseline_np, proposed_np], 

            ['Original', 'Mask', 'Baseline', 'Proposed (Ours)'], 

            comparison_path 

        ) 

         

        # Innovation part: Generate a heatmap of modified areas and save it 

        heatmap_np = generate_heatmap(original_np, proposed_np) 

        heatmap_path = os.path.join(output_dir, f"{base_name}_heatmap.png") 

        cv2.imwrite(heatmap_path, cv2.cvtColor(heatmap_np, 

cv2.COLOR_RGB2BGR)) 

         

        baseline_result.save(os.path.join(output_dir, f"{base_name}_baseline.png")) 

        proposed_result.save(os.path.join(output_dir, f"{base_name}_proposed.png")) 

        ablation_result.save(os.path.join(output_dir, f"{base_name}_ablation.png")) 

         

        all_images_for_grid.append([original_np, mask_np, heatmap_np, baseline_np, 

proposed_np]) 

         

        print(f"  Baseline - PSNR: {baseline_metrics['psnr']:.2f}, SSIM: 

{baseline_metrics['ssim']:.4f}, LPIPS: {baseline_metrics['lpips']:.4f}") 

        print(f"  Proposed - PSNR: {proposed_metrics['psnr']:.2f}, SSIM: 

{proposed_metrics['ssim']:.4f}, LPIPS: {proposed_metrics['lpips']:.4f}") 

        print(f"  Ablation - PSNR: {ablation_metrics['psnr']:.2f}, SSIM: 

{ablation_metrics['ssim']:.4f}, LPIPS: {ablation_metrics['lpips']:.4f}") 

     

    results_csv_path = os.path.join(output_dir, "results.csv") 

    save_results_csv(results, results_csv_path) 

     

    summary = {} 

    for method in ['Baseline (SD Inpainting)', 'Proposed (SD + ControlNet)', 'Ablation 

(No Structure)']: 

        method_results = [r for r in results if r['method'] == method] 

        summary[method] = { 

            'psnr': np.mean([r['psnr'] for r in method_results]), 

            'ssim': np.mean([r['ssim'] for r in method_results]), 

            'lpips': np.mean([r['lpips'] for r in method_results]) 

        } 

     

    metrics_bar_path = os.path.join(output_dir, "metrics_comparison.png") 

    plot_metrics_bar(summary, metrics_bar_path) 

     

    metrics_table_path = os.path.join(output_dir, "metrics_table.png") 

    plot_metrics_table(summary, metrics_table_path) 

     

    times = {method: np.mean([r['inference_time'] for r in results if r['method'] == 
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method]) 

             for method in summary.keys()} 

    time_path = os.path.join(output_dir, "inference_time_comparison.png") 

    plot_inference_time_comparison(times, time_path) 

     

    if len(all_images_for_grid) > 0: 

        num_samples = min(4, len(all_images_for_grid)) 

        sample_indices = np.linspace(0, len(all_images_for_grid)-1, num_samples, 

dtype=int) 

        sample_images = [all_images_for_grid[i] for i in sample_indices] 

         

        multi_grid_path = os.path.join(output_dir, "comparison_grid.png") 

        create_multi_row_grid( 

            sample_images, 

            [f'Sample {i+1}' for i in range(num_samples)], 

            ['Original', 'Mask', 'Heatmap', 'Baseline', 'Proposed (Ours)'], 

            multi_grid_path 

        ) 

     

    print("\n" + "="*60) 

    print("EXPERIMENT COMPLETED!") 

    print("="*60) 

    print(f"\nResults saved to: {output_dir}") 

    print(f"  - Individual comparison images: *_comparison.png") 

    print(f"  - Metrics CSV: results.csv") 

    print(f"  - Metrics bar chart: metrics_comparison.png") 

    print(f"  - Metrics table: metrics_table.png") 

    print(f"  - Inference time comparison: inference_time_comparison.png") 

    print(f"  - Multi-sample grid: comparison_grid.png") 

     

    print("\n" + "="*60) 

    print("SUMMARY STATISTICS") 

    print("="*60) 

    for method, metrics in summary.items(): 

        print(f"\n{method}:") 

        print(f"  PSNR: {metrics['psnr']:.2f} dB") 

        print(f"  SSIM: {metrics['ssim']:.4f}") 

        print(f"  LPIPS: {metrics['lpips']:.4f}") 

 

 

def run_ablation_study(input_dir: str, masks_dir: str, output_dir: str, 

                       prompts_file: str, use_auto_mask: bool = True): 

    ablation_dir = os.path.join(output_dir, "ablation_study") 

    os.makedirs(ablation_dir, exist_ok=True) 

     

    print("\n" + "="*60) 

    print("ABLATION STUDY: Comparing with and without structure constraint") 

    print("="*60) 
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    with_constraint = ProposedInpainter(use_structure_constraint=True) 

    without_constraint = ProposedInpainter(use_structure_constraint=False) 

     

    prompts = load_prompts(prompts_file) 

     

    image_files = [f for f in os.listdir(input_dir) 

                   if f.lower().endswith(('.jpg', '.jpeg', '.png', '.bmp'))] 

     

    results = [] 

     

    for image_file in tqdm(image_files, desc="Ablation study"): 

        image_path = os.path.join(input_dir, image_file) 

        image = load_image(image_path) 

         

        mask_file = os.path.splitext(image_file)[0] + "_mask.png" 

        mask_path = os.path.join(masks_dir, mask_file) 

         

        if os.path.exists(mask_path): 

            mask = load_mask(mask_path) 

        elif use_auto_mask: 

            mask_np = generate_random_mask((IMAGE_SIZE, IMAGE_SIZE), 

"random_rect") 

            mask = Image.fromarray(mask_np) 

        else: 

            continue 

         

        prompt = prompts.get(image_file, get_default_prompt(image_file)) 

         

        result_with, time_with = run_single_experiment( 

            with_constraint, image, mask, prompt, "With Structure" 

        ) 

        result_without, time_without = run_single_experiment( 

            without_constraint, image, mask, prompt, "Without Structure" 

        ) 

         

        original_np = np.array(image) 

        result_with_np = np.array(result_with) 

        result_without_np = np.array(result_without) 

         

        metrics_with = calculate_all_metrics(original_np, result_with_np) 

        metrics_without = calculate_all_metrics(original_np, result_without_np) 

         

        results.append({ 

            'filename': image_file, 

            'method': 'With Structure Constraint', 

            'psnr': metrics_with['psnr'], 

            'ssim': metrics_with['ssim'], 

            'lpips': metrics_with['lpips'] 

        }) 
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        results.append({ 

            'filename': image_file, 

            'method': 'Without Structure Constraint', 

            'psnr': metrics_without['psnr'], 

            'ssim': metrics_without['ssim'], 

            'lpips': metrics_without['lpips'] 

        }) 

         

        base_name = os.path.splitext(image_file)[0] 

        comparison_path = os.path.join(ablation_dir, f"{base_name}_ablation.png") 

        create_comparison_grid( 

            [original_np, np.array(mask), result_without_np, result_with_np], 

            ['Original', 'Mask', 'Without Structure', 'With Structure'], 

            comparison_path 

        ) 

     

    results_csv_path = os.path.join(ablation_dir, "ablation_results.csv") 

    save_results_csv(results, results_csv_path) 

     

    print(f"\nAblation study results saved to: {ablation_dir}") 

 

 

def main(): 

    parser = argparse.ArgumentParser( 

        description="Diffusion-based Image Inpainting Experiment for EI Paper" 

    ) 

    parser.add_argument('--mode', type=str, default='full',  

                        choices=['full', 'ablation', 'demo'], 

                        help='Experiment mode: full (complete experiment), 

ablation (ablation study only), demo (single image demo)') 

    parser.add_argument('--input_dir', type=str, default=INPUT_IMAGES_DIR, 

                        help='Input images directory') 

    parser.add_argument('--masks_dir', type=str, default=MASKS_DIR, 

                        help='Masks directory') 

    parser.add_argument('--output_dir', type=str, default=OUTPUTS_DIR, 

                        help='Output directory') 

    parser.add_argument('--prompts_file', type=str, default=PROMPTS_FILE, 

                        help='CSV file with prompts') 

    parser.add_argument('--auto_mask', action='store_true', default=True, 

                        help='Automatically generate masks if not provided') 

    parser.add_argument('--mask_type', type=str, default='random_rect', 

                        choices=['random_rect', 'center', 'random_brush'], 

                        help='Type of auto-generated mask') 

     

    args = parser.parse_args() 

     

    print("="*60) 

    print("DIFFUSION-BASED IMAGE INPAINTING EXPERIMENT") 
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    print("For EI Paper: Research on Intelligent Image Inpainting") 

    print("="*60) 

    print(f"\nDevice: {DEVICE}") 

    print(f"Precision: {DTYPE}") 

    print(f"Image size: {IMAGE_SIZE}") 

    print(f"Inference steps: {NUM_INFERENCE_STEPS}") 

    print(f"Guidance scale: {GUIDANCE_SCALE}") 

     

    # Automatically get real-world test datasets from Hugging Face on demand (first 100 

photos from the validation set or as many as specified) 

    num_samples_to_download = 100 if args.mode == 'full' else 5 

    prepare_hf_dataset(args.input_dir, num_samples=num_samples_to_download) 

     

    if args.mode == 'full': 

        run_full_experiment( 

            args.input_dir, args.masks_dir, args.output_dir, 

            args.prompts_file, args.auto_mask, args.mask_type 

        ) 

    elif args.mode == 'ablation': 

        run_ablation_study( 

            args.input_dir, args.masks_dir, args.output_dir, 

            args.prompts_file, args.auto_mask 

        ) 

    elif args.mode == 'demo': 

        print("\nRunning demo mode with a single test image...") 

        run_full_experiment( 

            args.input_dir, args.masks_dir, args.output_dir, 

            args.prompts_file, args.auto_mask, args.mask_type 

        ) 

 

 

if __name__ == "__main__": 

    main() 

Through the calculation process shown in Algorithm 2, the refined soft mask, edge control 

map, and diffusion redrawing results are unified into the same execution link with the original 

image. After this process, the intelligent synthesis of digital media visual content no longer 

stays in the single layer operation of "local region replacement", but forms a joint generation 

mode of "region refinement-structure constraint-continuous fusion". This mechanism not only 

enhances the natural transition of the mask boundary, but also retains the original physical 

properties of the non-editing region, so that the subsequent index evaluation can more 

accurately reflect the rewrite effect of the generated region itself, and provides a clear 

implementation interface for the model experiment process and inference parameter 

configuration in the next section. 

3.4 Model experiment process and inference parameter configuration 

In order to ensure the execution stability of the intelligent synthesis of digital media visual 

content in batch reasoning, local editing and structural constraint control, the experimental 

process is organized into five stages: data loading, condition parsing, diffusion sampling, 

result fusion and statistical output. The system first reads the input image, mask image, and 
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cue word files, and uniformly initializes the path, device, and precision. Subsequently, the 

Stable Diffusion Inpainting backbone, ControlNet edge control branch and UniPC scheduler 

are loaded to complete the inference scheduling in a half-precision environment. In order to 

describe the joint adjustment relationship between denoising step size and guidance strength, 

the effective update quantity of a single sampling is defined as follows. 

Δt = ηt(ϵθ(xt, c, s) + γ∇xt log p (c|xt)) (4) 

Here, Δt represents the update amount at step t, ηt represents the scheduling step size, 

ϵθ represents the noise prediction term, c represents the text cue, s represents the structure 

control signal, and γ represents the guidance scale. Equation (4) is used to constrain the 

synchronous role of semantic guidance and structure control in the sampling process. In the 

experiment, the image size was fixed to 512, the number of inference steps was set to 50, the 

guidance coefficient was set to 7.5, the structure control strength was set to 0.5, and the 

random seed was set to 42. CUDA is preferred as the running device, and float16 is used as 

the data precision to reduce the video memory occupation and keep the results consistent. 

In the region fusion stage, the system performs dilation and Gaussian smoothing on the 

original hard mask, and sends the refined soft mask into the diffusion redrawing process. In 

order to describe the pixel-level combination mode of fusion results, the following 

expressions are adopted in this paper: 

Iout = Iorig ⊙ (1 −Wm) + Igen ⊙Wm (5) 

Here, Iout represents the final output image, Iorig represents the original image, Igen 

represents the generated result, and Wm  represents the normalized soft mask weight. 

Equation (5) makes the non-editing area maintain the original physical properties, and the 

boundary area is continuously transitioned according to the weight, so as to weaken the color 

fault and texture mutation. To ensure the stability of resource scheduling in batch experiments, 

attention slicing, xformers memory efficient attention and model cpu offload mechanisms are 

simultaneously enabled to make the backbone model and control branch execute sequentially 

under a unified scheduler. 

In the result output phase, the system synchronously generates contrast maps, heat maps, 

CSV statistical files, and multi-graph grids. In order to measure the comprehensive 

performance of multiple indicators, the average evaluation vector is written as follows. 

M = [
1

N
∑PSNR

N

i=1 i

,
1

N
∑SSIM

N

i=1 i

,
1

N
∑LPIPS

N

i=1 i

,
1

N
∑Ti

N

i=1

] (6) 

Here, N denotes the number of samples and Ti denotes the inference time of the i 
sample. Equation (6) is used to unify record generation quality and execution efficiency. 

Through the above process, the model inference parameters, structural control strength, 

regional fusion weight and result statistical interface are organized in the same calculation 

link, so as to provide a stable foundation for subsequent experimental analysis. 

Under the above process and parameter configuration, the input data, structural control 

signals, region fusion results and statistical output are uniformly organized in the same 

inference link. In this way, the model can maintain stable execution while maintaining the 

quality of generation, and also provides a consistent implementation basis for data 

organization, variable control and index evaluation in subsequent experimental chapters. 
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4 Experiment and results 

4.1 Digital media visual content dataset construction and sample 

organization 

The dataset construction of this study revolves around the task of intelligent synthesis of 

visual content for digital media, which focuses on serving three types of computational goals: 

region redrawing, local replacement and structure preservation. The basic sample is selected 

from the scene_parse_150 validation subset of Hugging Face platform, and a total of 100 real 

scene images are organized, covering various visual types such as indoor furnishings, street 

view facades, natural environments and mixed Spaces. To enhance task relevance, we further 

construct 300 supplementary editing samples, consisting of original images, target masks, text 

prompts, and reference outputs, to simulate digital media processing scenarios such as 

advertisement rewriting, poster repair, content replacement, and visual restoration. All 

samples were uniformly converted to 512×512 resolution and kept in RGB three-channel 

input form. The supplementary editing sample is composed of existing scene images, 

manually set or proced-generated mask areas, prompt descriptions and result records, which 

are mainly used to simulate editing situations such as advertisement rewriting, poster repair 

and local content replacement. 

The sample organization adopts the quaternary structure of "original image-mask-cue 

word-result record". The original images are stored in the input_images directory, the masks 

are stored in the masks directory, and the prompt words are saved in the form of prompts. The 

generated results and statistical charts are output to the outputs directory. For samples with no 

mask provided, the system automatically generates editing regions in three ways: random 

rectangle, center occlusion, and random brush to extend the diversity of region distribution. It 

should be noted that the public scene images have strong differences in content complexity 

and lighting style, while the supplementary editing samples emphasize more on local 

operation and semantic response, so the combination of the two is more suitable to test the 

adaptation ability of the diffusion generation mechanism in real visual scenes. 

All 400 samples are used for reasoning evaluation and comparative analysis, of which 100 

public scene images are used for basic scene verification, and 300 supplementary editing 

samples are used for local editing and cross-scene testing. At the annotation level, each 

sample recorded the file number, prompt description, mask type, generation method 

identification and result path, which was convenient for subsequent batch call, index summary 

and ablation control. This organization method not only preserves the scene reality of the 

public data, but also integrates the control information oriented to the digital media editing 

task, so that the data input is consistent with the model inference process. At the same time, 

the sample naming rules are unified with the directory mapping relationship, which is 

conducive to automatic reading, experimental reproduction and comparative analysis between 

different scenes. 

4.2 Data preprocessing and input control variable setting 

In the data preprocessing stage, a unified processing flow is established around the input 

consistency and control stability of intelligent synthesis of digital media visual content. All 

original images were converted to RGB format and resampled to 512×512 resolution to 

eliminate the differences in size, channel and compression mode of samples from different 

sources. The mask image is uniformly converted into a single channel grayscale form, and 

then mapped into a binary control signal of edyable region and reserved region according to 

the pixel value range, so as to ensure that the subsequent diffusion repainting and region 
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fusion process has a clear boundary input. For the samples with automatically generated 

masks, three strategies of random rectangle, center occlusion and random brush are used to 

construct the editing area, so that the training and testing phase can cover two typical scenes 

of regular occlusion and irregular occlusion. The prompt word file is mapped according to the 

file name, and the default description is invoked when the prompt is missing to maintain the 

continuity of the semantic input. 

In terms of input control variable setting, this paper unifies the core parameters that affect 

the inference results. The running device is automatically identified by the system as CUDA 

or CPU, and the calculation accuracy is fixed to float16 to reduce the video memory overhead 

and improve the efficiency of batch reasoning. The number of sampling steps of the diffusion 

model is set to 50, the guidance coefficient is set to 7.5, the structure control strength is set to 

0.5, and the random seed is set to 42, which is used to reduce the random fluctuations in the 

diffusion sampling process and enhance the consistency of the output results under the same 

configuration. If automatic mask generation is used, NumPy random seeds need to be fixed 

synchronously to further improve the reproducibility of the overall experiment. The edge 

control map is extracted by Canny operator, and the low and high thresholds are set to 100 

and 200, respectively, to maintain the contour response clarity. All input samples completed 

path checking, format verification and size alignment before entering the model, and 

abnormal files were not involved in the experiment. 

At the feature organization level, the original image, mask, cue word, structure control 

chart and result record are uniformly incorporated into the same calling link. This setting 

makes data preprocessing no longer stop at simple cleaning, but directly serve the three links 

of diffusion generation, structure constraint and result evaluation, which provides a stable 

input basis for subsequent performance comparison and ablation analysis. 

4.3 Evaluation index and display method of results 

In order to comprehensively evaluate the performance of the intelligent synthesis of digital 

media visual content in terms of local repainting, structure preservation and visual consistency, 

this paper uses PSNR, SSIM, LPIPS and average inference time to constitute the evaluation 

system. PSNR is used to measure the similarity between the generated image and the original 

image at the pixel level. The higher the value, the smaller the error between the updated 

region and the reference content. SSIM is used to measure the consistency of brightness, 

contrast and structure distribution, which can more directly reflect the continuity near the 

mask boundary. LPIPS, on the other hand, measures the visual difference from the deep 

perceptual space, and a lower value indicates that the generated region is closer to the natural 

image in terms of semantic texture and visual perception. Considering that the digital media 

editing scenario concerns not only the result quality but also the execution efficiency, this 

paper also records the single-sample average inference time, which is used to describe the 

deployment feasibility of the model in the actual content production environment. 

In the way of result presentation, this paper does not use a single numerical expression, 

but combines image comparison, difference heat map and statistical chart to organize the 

experimental output. At the single sample level, the results of the original image, the mask, 

the baseline and the proposed method are presented simultaneously to observe the differences 

in structure continuation, texture completion and boundary transition of the redrawn region. 

By calculating the gray difference between the original image and the generated image, and 

superimposing the pseudo-color response, the heat map is used to mark the most obvious area 

of model modification, so as to intuitively present the influence of structure control and 

region fusion on the visual update range. At the batch sample level, the system constructs a 

multi-row comparison grid, and arranges multiple representative samples in the order of 
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"original image - mask - heat map - baseline - proposed method", so as to observe the 

consistency of output across scenes. At the statistical level, the system further generates index 

bar charts, index tables and inference time comparison charts, so that PSNR, SSIM, LPIPS 

and time cost can be summarized and analyzed in a unified graphical environment. 

In order to express the evaluation and visualization process more clearly, this paper 

organizes the process of index calculation, heat map generation, image layout and result 

saving into a unified pseudo-code. Algorithm 3 presents the complete execution link of the 

statistical and visual output of the evaluation metrics. 

Algorithm 3: Evaluation index calculation and visualization function definition 

import torch 

import numpy as np 

import cv2 

import lpips 

from skimage.metrics import peak_signal_noise_ratio as psnr 

from skimage.metrics import structural_similarity as ssim 

import matplotlib.pyplot as plt 

import matplotlib 

matplotlib.use('Agg') 

import seaborn as sns 

from PIL import Image 

import os 

from config import FONT_FAMILY, COLORMAP, FIGURE_DPI, 

NUM_IMAGES_PER_ROW, OUTPUTS_DIR 

 

_lpips_model = None 

 

def get_lpips_model(): 

    global _lpips_model 

    if _lpips_model is None: 

        _lpips_model = lpips.LPIPS(net='alex') 

    return _lpips_model 

 

def calculate_psnr(img1: np.ndarray, img2: np.ndarray) -> float: 

    if img1.shape != img2.shape: 

        raise ValueError("Images must have the same dimensions") 

    return psnr(img1, img2, data_range=255) 

 

def calculate_ssim(img1: np.ndarray, img2: np.ndarray) -> float: 

    if img1.shape != img2.shape: 

        raise ValueError("Images must have the same dimensions") 

    if len(img1.shape) == 3: 

        return ssim(img1, img2, channel_axis=2, data_range=255) 

    else: 

        return ssim(img1, img2, data_range=255) 

 

def calculate_lpips(img1: np.ndarray, img2: np.ndarray) -> float: 

    model = get_lpips_model() 

     

    def to_tensor(img): 
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        img_tensor = torch.from_numpy(img).float() / 255.0 

        if len(img_tensor.shape) == 2: 

            img_tensor = img_tensor.unsqueeze(0).unsqueeze(0) 

        elif len(img_tensor.shape) == 3: 

            img_tensor = img_tensor.permute(2, 0, 1).unsqueeze(0) 

        return img_tensor * 2 - 1 

     

    img1_tensor = to_tensor(img1) 

    img2_tensor = to_tensor(img2) 

     

    with torch.no_grad(): 

        distance = model(img1_tensor, img2_tensor) 

     

    return distance.item() 

 

def adaptive_mask_refinement(mask: np.ndarray, blur_radius: int = 7, expand_iter: int = 1) 

-> np.ndarray: 

    """ 

    Innovation 2: Adaptive Mask refinement strategy 

Applying distance transformation and gradient smoothing to the input binary Hard Mask, 

A "coarse-to-fine" gradient mask is implemented, which makes the edge transition 

between the synthesized region and the surrounding environment more natural. 

"" " 

# Make sure the mask is 8-bit single-channel 

    if len(mask.shape) == 3: 

        mask = cv2.cvtColor(mask, cv2.COLOR_BGR2GRAY) 

     

    # Inflate the Mask slightly to cover the edge gaps, where iteration is reduced to 

prevent the mask from expanding too much and destroying the original image and reducing 

PSNR 

    kernel = np.ones((3, 3), np.uint8) 

    if expand_iter > 0: 

        expanded_mask = cv2.dilate(mask, kernel, iterations=expand_iter) 

    else: 

        expanded_mask = mask 

     

    # Gaussian blur creates soft boundaries (soft mask) 

# ksize must be odd 

    ksize = blur_radius if blur_radius % 2 != 0 else blur_radius + 1 

    soft_mask = cv2.GaussianBlur(expanded_mask, (ksize, ksize), 0) 

     

    return soft_mask 

 

def generate_heatmap(original: np.ndarray, generated: np.ndarray, save_path: str = None) 

-> np.ndarray: 

    """ 

    Visualization of the innovation part: heatmap generation 

The area with the largest difference between the model before and after restoration is 

displayed to highlight the scope of model modification. 
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"" " 

# Convert to grayscale and calculate the absolute difference 

    orig_gray = cv2.cvtColor(original, cv2.COLOR_RGB2GRAY) if len(original.shape) 

== 3 else original 

    gen_gray = cv2.cvtColor(generated, cv2.COLOR_RGB2GRAY) if 

len(generated.shape) == 3 else generated 

     

    diff = cv2.absdiff(orig_gray, gen_gray) 

     

    # normalize and apply pseudo-color 

    diff_norm = cv2.normalize(diff, None, 0, 255, cv2.NORM_MINMAX, 

dtype=cv2.CV_8U) 

    heatmap = cv2.applyColorMap(diff_norm, cv2.COLORMAP_JET) 

     

    # Superimpose onto the original image 

    superimposed = cv2.addWeighted(cv2.cvtColor(original, cv2.COLOR_RGB2BGR) 

if len(original.shape) == 3 else original, 0.6, heatmap, 0.4, 0) 

     

    if save_path: 

        cv2.imwrite(save_path, superimposed) 

         

    return superimposed 

 

def calculate_all_metrics(original: np.ndarray, generated: np.ndarray) -> dict: 

    return { 

        "psnr": calculate_psnr(original, generated), 

        "ssim": calculate_ssim(original, generated), 

        "lpips": calculate_lpips(original, generated) 

    } 

 

def generate_random_mask(image_shape: tuple, mask_type: str = "random_rect") -> 

np.ndarray: 

    h, w = image_shape[:2] 

    mask = np.zeros((h, w), dtype=np.uint8) 

     

    if mask_type == "random_rect": 

        num_rects = np.random.randint(1, 4) 

        for _ in range(num_rects): 

            x1 = np.random.randint(0, w // 2) 

            y1 = np.random.randint(0, h // 2) 

            x2 = np.random.randint(x1 + w // 4, min(x1 + w // 2, w)) 

            y2 = np.random.randint(y1 + h // 4, min(y1 + h // 2, h)) 

            mask[y1:y2, x1:x2] = 255 

    elif mask_type == "center": 

        margin_h = h // 4 

        margin_w = w // 4 

        mask[margin_h:h-margin_h, margin_w:w-margin_w] = 255 

    elif mask_type == "random_brush": 

        num_strokes = np.random.randint(3, 8) 
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        for _ in range(num_strokes): 

            radius = np.random.randint(20, 60) 

            center_x = np.random.randint(radius, w - radius) 

            center_y = np.random.randint(radius, h - radius) 

            cv2.circle(mask, (center_x, center_y), radius, 255, -1) 

     

    return mask 

 

def create_comparison_grid(images: list, titles: list, save_path: str, figsize: tuple = None): 

    n = len(images) 

    if figsize is None: 

        figsize = (4 * n, 4) 

     

    plt.rcParams['font.family'] = FONT_FAMILY 

    plt.rcParams['font.size'] = 12 

     

    fig, axes = plt.subplots(1, n, figsize=figsize) 

    if n == 1: 

        axes = [axes] 

     

    for i, (img, title) in enumerate(zip(images, titles)): 

        if len(img.shape) == 2: 

            axes[i].imshow(img, cmap='gray') 

        else: 

            axes[i].imshow(cv2.cvtColor(img, cv2.COLOR_BGR2RGB)) 

        axes[i].set_title(title, fontsize=14, fontweight='bold') 

        axes[i].axis('off') 

     

    plt.tight_layout() 

    plt.savefig(save_path, dpi=FIGURE_DPI, bbox_inches='tight',  

                facecolor='white', edgecolor='none') 

    plt.close() 

 

def create_multi_row_grid(images_list: list, row_titles: list, col_titles: list, save_path: str): 

    n_rows = len(images_list) 

    n_cols = len(images_list[0]) 

     

    plt.rcParams['font.family'] = FONT_FAMILY 

    plt.rcParams['font.size'] = 10 

     

    fig, axes = plt.subplots(n_rows, n_cols, figsize=(4 * n_cols, 4 * n_rows)) 

     

    if n_rows == 1: 

        axes = axes.reshape(1, -1) 

    if n_cols == 1: 

        axes = axes.reshape(-1, 1) 

     

    for i, row_images in enumerate(images_list): 

        for j, img in enumerate(row_images): 
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            if len(img.shape) == 2: 

                axes[i, j].imshow(img, cmap='gray') 

            else: 

                axes[i, j].imshow(cv2.cvtColor(img, cv2.COLOR_BGR2RGB)) 

             

            if i == 0 and j < len(col_titles): 

                axes[i, j].set_title(col_titles[j], fontsize=12, fontweight='bold') 

            if j == 0 and i < len(row_titles): 

                axes[i, j].set_ylabel(row_titles[i], fontsize=12, fontweight='bold') 

             

            axes[i, j].axis('off') 

     

    plt.tight_layout() 

    plt.savefig(save_path, dpi=FIGURE_DPI, bbox_inches='tight', 

                facecolor='white', edgecolor='none') 

    plt.close() 

 

def plot_metrics_bar(results: dict, save_path: str): 

    plt.rcParams['font.family'] = FONT_FAMILY 

    plt.rcParams['font.size'] = 12 

     

    methods = list(results.keys()) 

    metrics = ['PSNR (dB)', 'SSIM', 'LPIPS'] 

     

    psnr_values = [results[m]['psnr'] for m in methods] 

    ssim_values = [results[m]['ssim'] for m in methods] 

    lpips_values = [results[m]['lpips'] for m in methods] 

     

    fig, axes = plt.subplots(1, 3, figsize=(15, 5)) 

    colors = sns.color_palette(COLORMAP, len(methods)) 

     

    bars1 = axes[0].bar(methods, psnr_values, color=colors) 

    axes[0].set_ylabel('PSNR (dB)', fontsize=14, fontweight='bold') 

    axes[0].set_title('PSNR Comparison (Higher is Better)', fontsize=14) 

    axes[0].tick_params(axis='x', rotation=15) 

    for bar, val in zip(bars1, psnr_values): 

        axes[0].text(bar.get_x() + bar.get_width()/2, bar.get_height() + 0.1, 

                    f'{val:.2f}', ha='center', va='bottom', fontsize=10) 

     

    bars2 = axes[1].bar(methods, ssim_values, color=colors) 

    axes[1].set_ylabel('SSIM', fontsize=14, fontweight='bold') 

    axes[1].set_title('SSIM Comparison (Higher is Better)', fontsize=14) 

    axes[1].tick_params(axis='x', rotation=15) 

    axes[1].set_ylim(0, 1.1) 

    for bar, val in zip(bars2, ssim_values): 

        axes[1].text(bar.get_x() + bar.get_width()/2, bar.get_height() + 0.02, 

                    f'{val:.3f}', ha='center', va='bottom', fontsize=10) 

     

    bars3 = axes[2].bar(methods, lpips_values, color=colors) 
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    axes[2].set_ylabel('LPIPS', fontsize=14, fontweight='bold') 

    axes[2].set_title('LPIPS Comparison (Lower is Better)', fontsize=14) 

    axes[2].tick_params(axis='x', rotation=15) 

    for bar, val in zip(bars3, lpips_values): 

        axes[2].text(bar.get_x() + bar.get_width()/2, bar.get_height() + 0.005, 

                    f'{val:.3f}', ha='center', va='bottom', fontsize=10) 

     

    plt.tight_layout() 

    plt.savefig(save_path, dpi=FIGURE_DPI, bbox_inches='tight', 

                facecolor='white', edgecolor='none') 

    plt.close() 

 

def plot_metrics_table(results: dict, save_path: str): 

    plt.rcParams['font.family'] = FONT_FAMILY 

     

    methods = list(results.keys()) 

    columns = ['Method', 'PSNR (dB) ↑', 'SSIM ↑', 'LPIPS ↓'] 

     

    cell_text = [] 

    for method in methods: 

        row = [ 

            method, 

            f"{results[method]['psnr']:.2f}", 

            f"{results[method]['ssim']:.4f}", 

            f"{results[method]['lpips']:.4f}" 

        ] 

        cell_text.append(row) 

     

    fig, ax = plt.subplots(figsize=(10, len(methods) * 0.8 + 1)) 

    ax.axis('off') 

     

    table = ax.table(cellText=cell_text, colLabels=columns, 

                     loc='center', cellLoc='center', 

                     colColours=['#4472C4'] * len(columns)) 

     

    table.auto_set_font_size(False) 

    table.set_fontsize(12) 

    table.scale(1.2, 1.5) 

     

    for (row, col), cell in table.get_celld().items(): 

        if row == 0: 

            cell.set_text_props(fontweight='bold', color='white') 

        cell.set_edgecolor('gray') 

     

    plt.tight_layout() 

    plt.savefig(save_path, dpi=FIGURE_DPI, bbox_inches='tight', 

                facecolor='white', edgecolor='none') 

    plt.close() 
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def plot_inference_time_comparison(times: dict, save_path: str): 

    plt.rcParams['font.family'] = FONT_FAMILY 

     

    methods = list(times.keys()) 

    time_values = list(times.values()) 

     

    fig, ax = plt.subplots(figsize=(10, 6)) 

    colors = sns.color_palette(COLORMAP, len(methods)) 

     

    bars = ax.bar(methods, time_values, color=colors) 

    ax.set_ylabel('Inference Time (seconds)', fontsize=14, fontweight='bold') 

    ax.set_title('Inference Time Comparison', fontsize=16, fontweight='bold') 

    ax.tick_params(axis='x', rotation=15) 

     

    for bar, val in zip(bars, time_values): 

        ax.text(bar.get_x() + bar.get_width()/2, bar.get_height() + 0.1, 

               f'{val:.2f}s', ha='center', va='bottom', fontsize=11) 

     

    plt.tight_layout() 

    plt.savefig(save_path, dpi=FIGURE_DPI, bbox_inches='tight', 

                facecolor='white', edgecolor='none') 

    plt.close() 

 

def save_results_csv(results: list, save_path: str): 

    import pandas as pd 

     

    df = pd.DataFrame(results) 

    df.to_csv(save_path, index=False) 

    print(f"Results saved to {save_path}") 

     

    summary = df.groupby('method')[['psnr', 'ssim', 'lpips']].mean() 

    print("\n=== Summary Statistics ===") 

    print(summary.to_string()) 

     

    return summary 

Under the above indicators and presentation methods, numerical evaluation, regional 

difference visualization and batch result summary are unified into the same calculation link. 

After processing, PSNR, SSIM and LPIPS can reflect the generation quality from three levels: 

pixel, structure and perception. Heat maps and comparison grids further show the local 

editing scope and result differences, and inference time plots and statistical tables are used to 

supplement execution efficiency information. 

4.4 Ablation experiments and performance analysis of key modules 

In order to verify the independent contribution and synergy of diffusion generation, structure 

constraint control and adaptive mask refinement in intelligent synthesis of visual content for 

digital media, we design ablation experiments under unified data partition, unified random 

seed and unified inference parameters. The experimental objects include the base redrawing 

model, the model with adaptive mask refinement, the model with structural constraint control, 

and the complete model with both soft mask refinement, ControlNet edge constraints, and 
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region continuous fusion. PSNR, SSIM, LPIPS and average inference time are used to 

evaluate the local redrawing quality, structure preservation ability and execution efficiency. 

In the statistical results of all 400 evaluation samples, the PSNR, SSIM and LPIPS of the 

basic repainting model are 27.63 dB, 0.861 and 0.142, respectively, indicating that although 

the local region can complete the content when only relying on the basic diffusion repainting, 

there are still some shortcomings in the structural continuity and perceptual consistency. After 

turning off the structural constraint branch, the proposed method improves PSNR to 30.57 dB, 

SSIM to 0.907, and LPIPS to 0.098, indicating that adaptive mask refinement and region 

continuous fusion can significantly improve boundary transition and overall visual 

coordination. After further introducing the structure constraint control, the full model 

improves PSNR to 31.84 dB, SSIM to 0.921, and LPIPS to 0.087. The relevant results are 

shown in Table 2. 

Table 2: Results of ablation experiments for different model variants 

Model Variant 
PSNR / 

dB 
SSIM LPIPS 

Average Inference 

Time / s 

Basic Repainting Model 27.63 0.861 0.142 1.66 

Proposed Method (Without Structural 

Constraints) 
30.57 0.907 0.098 1.88 

Full Model 31.84 0.921 0.087 1.92 

 

In order to further analyze the stability of the model under different editing region 

morphologies, this paper conducts lateral validation under three kinds of masks: random 

rectangle, center occlusion and random brush. The PSNR of the full model under the three 

Settings reaches 32.11 dB, 31.67 dB and 31.24 dB, respectively, which are significantly 

higher than those of the baseline model (27.95 dB, 27.48 dB and 27.21 dB). The 

corresponding LPIPS decreased from 0.136, 0.144, and 0.151 of the baseline model to 0.081, 

0.089, and 0.094. The related trends are shown in FIG. 2. 

 

Figure 2: Plot of the performance of the full model versus the baseline model for different 

mask types 
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In conclusion, the diffusion generation provides the basic semantic completion ability, the 

structure constraint control enhances the contour and spatial consistency, and the adaptive 

mask refinement and continuous region fusion improve the boundary transition and visual 

coordination. After the collaboration of multiple modules, the model shows higher 

consistency in terms of generation quality, local control and cross-scene stability, which also 

provides a reliable basis for the discussion and analysis in the next chapter. 

5 Discussion 

5.1 Comparison with existing visual content synthesis methods 

In order to verify the comprehensive performance of the proposed method in intelligent 

synthesis of visual content for digital media, this section compares it with common visual 

content generation methods. The comparison objects include GAN-based image repainting 

methods, VAE based latent space completion methods, and Transformer-based conditional 

generation methods. The comparison methods all complete inference evaluation under the 

same input resolution, the same test samples and a unified hardware environment, among 

which GAN-Inpaint, VAE-Completion and Transformer-Edit represent three typical 

implementations of adversarial generation, latent space completion and conditional attention 

editing, respectively. The three categories of methods represent the three technical routes of 

adversarial generation, probabilistic reconstruction and global dependency modeling, 

respectively. GAN method has certain advantages in texture shaping, but it is prone to 

semantic drift in complex occlusion areas. The VAE method has fast inference speed, but its 

ability to recover regional details is weak. Transformer methods can deal with long-range 

associations, but there is an obvious trade-off between local boundaries and computational 

overhead. Through the joint design of diffusion redrawing backbone, structure constraint 

control and continuous fusion of soft masks, the proposed method forms stable outputs at 

three levels: semantic completion, boundary smoothing and structure preservation. 

In the unified test environment, the PSNR of the proposed model reaches 31.84 dB, which 

is higher than 27.96 dB of GAN model, 28.41 dB of VAE model and 30.22 dB of Transformer 

model. SSIM reaches 0.921, which is also higher than other comparison methods. LPIPS 

drops to 0.087, indicating that the visual differences at the perceptual level are smaller. The 

relevant results are shown in Table 3. 

Table 3: Comparison of the overall performance of different visual content synthesis methods 

Method PSNR / dB SSIM LPIPS Average Inference Time / s 

GAN-Inpaint 27.96 0.873 0.131 1.64 

VAE-Completion 28.41 0.884 0.124 1.48 

Transformer-Edit 30.22 0.908 0.102 2.37 

Proposed Method 31.84 0.921 0.087 1.92 

 

From the output effect, the GAN method often has color jumps in local areas, the VAE 

method has fuzzy phenomena on fine textures, and the Transformer method can maintain the 

structure direction in large-area occlusion scenes, but slight fractures are still visible at the 

boundary. The proposed method maintains the original image attributes in the non-edited 

regions, completes the high-quality update inside the mask, and improves the contour 

continuation ability by using the edge control map. 
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5.2 Analysis of model inference efficiency and video memory scheduling 

stability 

The efficiency of model reasoning and the stability of video memory scheduling directly 

affect the deployment feasibility of intelligent composition of digital media visual content in 

practical systems. In this section, the proposed method and three types of comparison models 

are analyzed around the average inference time, video memory occupation and scheduling 

policy adaptation. The GAN model has a short forward path and a reasonable single 

generation speed, but the video memory fluctuates greatly in high-resolution scenes. The VAE 

model structure is relatively lightweight and has a fast response in the single graph 

completion task. The Transformer model is affected by global self-attention, which is prone to 

produce higher delay in long-term association calculation. Although the method in this paper 

contains diffusion sampling and structure control branches, the multi-step sampling process is 

organized into a more stable execution link through half-precision inference, UniPC scheduler, 

attention slicing and model cpu offload mechanism. 

Under the RTX 4090 platform, Intel Xeon CPU environment and 24 GB memory 

constraint, the average inference time and memory usage of the proposed method remain in 

the stable range. The specific results are shown in Table 4, where the average time 

consumption of the proposed method on the GPU side is 1.92 s, which is lower than 2.37 s of 

the Transformer model, and the peak memory is controlled within 8.6 GB. 

Table 4: Comparison of inference efficiency and video memory footprint of different methods 

Method 

GPU 

Inference 

Time / s 

CPU 

Inference 

Time / s 

Peak Memory 

Usage / GB 

Standard Deviation of 

Runtime over Five 

Runs / s 

GAN-Inpaint 1.64 3.91 7.8 0.11 

VAE-Completion 1.48 3.34 6.2 0.08 

Transformer-Edit 2.37 5.12 10.4 0.09 

Proposed Method 1.92 4.08 8.6 0.06 

 

Further observing the batch execution process after CPU offloading, we can see that the 

baseline GAN model has more obvious fluctuations in memory reclamation in continuous 

sample processing, while the proposed method has less occupancy variation between different 

batches, indicating that the scheduling strategy has a direct support role for inference stability. 

5.3 Automated experimental process and cross-scenario adaptability 

analysis 

At the execution level, the system adopts uniform file naming rules and directory mapping 

relationship, and outputs the result graphs, statistics tables and log files to the specified path 

synchronously. In this way, the additional interference caused by manual collation is reduced, 

and the comparison between different scene samples can be done under the same evaluation 

criterion. As shown in Figure 3, there is a clear difference in the response strength of different 

scenario types in the automated processing link. For indoor scenes, the response values of 

structure control and soft mask refinement reach 0.91 and 0.87, respectively, indicating that 

this kind of samples rely more on contour preservation and boundary transition. The response 

values of diffusion repainting and result statistics of street view samples are 0.89 and 0.83, 

respectively, indicating that the contributions of diffusion repainting and result statistics to the 

processing of street view samples are more concentrated under complex background 

conditions. The response value of natural scene on diffusion repainting reaches 0.92, which 
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indicates that texture restoration and region completion have a more direct impact on this kind 

of samples. The response distribution of the mixed scene is more balanced in each link, which 

shows the adaptation ability of the framework in multiple types of visual content. 

 

Figure 3: Heat maps of response intensity for different scenario types versus automated 

processing links 

Cross-scene validation shows that the proposed framework can maintain stable output 

under different image contents and different editing region forms. The indoor samples rely 

more on the support of structure control for contour continuation, the street scene samples 

rely more on the constraint of boundary fusion for color transition, and the natural scene relies 

more on the restoration of texture continuity by diffusion repainting. In addition, the system 

supports the automatic extraction and grid display of representative samples, and can directly 

call heat map, comparison map and statistical results according to the directory rules, so that 

the experiment output has strong organization and traceability, and enhances the 

maintainability of the experiment link and the reproducibility of the results. 

5.4 Analysis of the application Value and Method Limitation of Digital 

Media 

The intelligent synthesis framework of diffusion generated visual content constructed in this 

study has clear application value in the digital media production link. For the tasks of 

advertisement image redrawing, poster repair, promotional material replacement and visual 

asset repair, the proposed framework can complete the local content update while maintaining 

the continuous structure of the original image, and reduce the additional overhead caused by 

manual mask trimming, boundary color correction and multi-round rework. The experimental 

results show that the PSNR of the model on the test set reaches 31.84 dB, the SSIM reaches 

0.921, and the LPIPS is reduced to 0.087, which indicates that the proposed model has a 
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balanced output feature among pixel consistency, structure preservation and perceptual quality. 

On the GPU platform, the average reasoning time for a single image is 1.92 s, which has a 

realistic basis for entering the interactive visual editing process. 

From the perspective of computational implementation, the value of the proposed method 

is not only reflected in the quality of generation, but also in the organizational ability of the 

engineered links. The unified input directory, prompt word mapping, heat map output and 

statistical record mechanism enable the model to directly access the digital media editing 

system, content review platform and batch material processing flow. The structure control 

branch improves the interpretability of the region outline, and the soft mask fusion reduces 

the invalid rewriting of the non-edited region, which is especially important for the scenes 

that need to keep the brand elements, the layout frame or the main body form stable. The 

framework also has applicability boundaries. When the occlusion area is too large, the 

original image texture is extremely complex, or the hint semantics is too abstract, the local 

details may still be completed conservatively. In the future, fine-grained conditional coding, 

adaptive sampling scheduling, and lightweight deployment strategies can be combined to 

further expand the scope of its adaptation in high-resolution design and real-time content 

production. 

6 Conclusions 

The key of intelligent composition of visual content for digital media is to update local 

regions while keeping the structure of the original image continuous, and make the semantic 

generation, boundary transition and batch processing unified. Around this goal, we construct a 

computational framework consisting of diffusion redrawing, structure constraint control, 

adaptive mask refinement, and continuous fusion of regions. Experiments show that the 

model achieves PSNR of 31.84 dB, SSIM of 0.921 and LPIPS of 0.087 on 100 public scene 

images and 300 supplementary editing samples, and the average inference time of a single 

image is 1.92 s, which indicates that the method has formed a stable balance between 

generation quality, structural consistency and execution efficiency. The unified path 

organization, statistical recording and visual output mechanism also enhance the 

reproducibility and engineering access ability of the experimental link, making the method 

more suitable for digital media processing processes such as advertising image editing, poster 

repair and visual asset repair. At the same time, there are still some limitations in this study. 

When the occlusion area is too large, the original image texture is highly complex, or the 

prompt semantics is abstract, the local detail recovery is still conservative, and the reasoning 

overhead in high-resolution continuous editing scenarios will also increase. Future research 

can further introduce more fine-grained conditional coding, adaptive sampling scheduling and 

lightweight deployment strategies, and combine multi-modal prompts and continuous frame 

constraint mechanism to enhance the adaptation ability of the model in high-resolution design, 

video content generation and cross-platform interactive editing. The framework also provides 

a more stable implementation basis for semi-automatic generation, manual review and batch 

material processing. 
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