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This paper presents an Adaptive Multi-Modal Fusion Rendering Model (AMMFRM) designed to address 

the limitations of traditional 3D visualization scene rendering based on visual image language. The 

proposed model integrates visual feature perception, semantic reasoning, and adaptive rendering strategy 

generation to improve rendering efficiency and quality. To validate the model, experiments were conducted 

on two benchmark datasets—FilmScene and GameWorld—which include complex cinematic and 

interactive game scenes, respectively. Comparative evaluations were performed against four baseline 

models: classic ray tracing, physically based rendering (PBR), Neural Radiance Fields (NeRF), and 

differentiable volume rendering. Results demonstrate that AMMFRM achieves a rendering quality score 

of 8.5 on FilmScene and 8.2 on GameWorld (out of 10), with semantic restoration rates of 92% and 90%, 

respectively. Rendering time was reduced by over 40% compared to ray tracing. These findings confirm 

AMMFRM's superior performance in multi-style, multi-scale scene rendering, establishing its potential 

as a robust solution for film, television, and gaming applications. 

Povzetek: Članek obravnava 3D upodabljanje, združevanje vizualne in semantične informacije. Predlaga 

model AMMFRM, ki združuje zaznavanje vizualnih značilk, semantično sklepanje z GNN ter adaptivno 

generiranje strategij. Na FilmScene in GameWorld doseže visoko kakovost semantične obnove ter hitrejše 

renderiranje kot ray tracing. 

 

 

1  Introduction 
In today's era of rapid digital development, the application 

of computer technology in various fields has shown an 

explosive growth trend. Taking the film and television 

production industry as an example, according to 

incomplete statistics, more than 8,000 film and television 

works around the world involve a large amount of 3D 

visualization scene rendering work in the production 

process each year. These rendering tasks play a crucial and 

decisive role in the visual presentation of the final work 

[1]. However, the traditional 3D visualization scene 

rendering method based on visual image language has 

exposed many serious problems in the face of the growing 

demand for high-quality and high-complexity rendering. 

For example, when rendering some large 3D virtual city 

scenes containing more than 500,000 polygons, the 

traditional method often requires hundreds of hours of 

rendering time, which not only greatly slows down the 

progress of the entire film and television production, but 

also has staggeringly high rendering costs. On average, the 

additional cost of rendering for each such film and 

television work can reach millions of dollars [2]. At the 

same time, due to the limitations of traditional rendering 

methods in processing high-resolution image language 

information, the final rendered scenes often fail to achieve 

the expected realism and delicacy in visual effects. More 

than 70% of viewers said that they would feel 

uncomfortable when watching such film and television 

works due to the visual defects of the three-dimensional 

scenes, which undoubtedly created a huge obstacle to the 

development of the film and television industry.In recent 

surveys conducted by independent user research platforms, 

over 70% of respondents reported visual discomfort due to 

low-quality 3D scenes in films. Similarly, industry reports 

and user feedback from platforms like Metacriticsuggest 

that approximately 30% of game releases face criticism for 

underwhelming scene rendering quality. These figures 

reflect the urgent demand for higher 3D rendering 

standards. 

In the field of game development, the situation is 

equally grim. As players’ requirements for game graphics 

quality continue to increase, more and more 3A 

masterpieces are pursuing the ultimate 3D visualization 

scene effects[3]. According to relevant data, when 

developing a popular large-scale open world game, the 

proportion of development time occupied by 3D scene 

rendering is as high as more than 60%. In addition, due to 

the low efficiency of traditional rendering methods, the 

development team has to invest a lot of manpower and 
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material resources to repeatedly optimize and adjust. On 

average, the rendering-related manpower investment for 

each project reaches about 40% of the total manpower. 

However, even so, nearly 30% of games are still criticized 

by players after release because the 3D scene rendering 

effect fails to meet players’ expectations, resulting in 

serious impact on game reputation and sales. It can be seen 

that whether it is film and television production or game 

development, the existing 3D visualization scene 

rendering technology based on visual image language 

urgently needs a major change to break through the current 

dilemma[4]. 

Currently, many research results have emerged in the 

field of 3D visualization scene rendering based on visual 

image language. For example, some research institutions 

have proposed rendering algorithms based on deep 

learning, which train models with a large amount of image 

data in an attempt to improve rendering efficiency and 

quality [5]. In certain specific small 3D scene tests, this 

algorithm has indeed shortened the rendering time by 

about 30%, while also improving the image detail 

representation ability to a certain extent. However, the 

limitations of this algorithm are also obvious. It has poor 

adaptability to different types of visual image languages. 

When faced with 3D scenes with complex textures and 

dynamic light and shadow changes, its advantages 

disappear, and the rendering effect may even be worse than 

that of traditional methods. 

Some studies have focused on optimizing the 

hardware architecture of rendering, and accelerating the 

rendering calculation process by designing new GPU chips. 

The latest GPU chip specifically for 3D rendering claims 

to improve overall rendering performance by about 50%, 

but this is only data under an ideal laboratory environment. 

In actual complex project applications, due to the 

constraints of software compatibility, system resource 

allocation and other factors, its actual performance 

improvement is often greatly reduced, usually only 

reaching about 60% of the claimed improvement value [6]. 

In addition, there are also many studies underway on the 

optimization of the rendering process [7]. Some have 

proposed a new layered rendering concept, attempting to 

decompose complex 3D scenes into multiple layers, render 

them separately, and then synthesize them. In theory, this 

method can improve the parallelism of rendering and thus 

improve efficiency, but in actual operation it faces 

problems such as difficulty in unifying the layer division 

standards and poor image fusion effects during synthesis, 

resulting in very limited application in actual projects. 

It can be seen that although the current research in this 

field has achieved certain results, there are still some 

shortcomings. There is no comprehensive, efficient and 

universal 3D visualization scene rendering solution based 

on visual image language. In terms of research hotspots, 

how to improve rendering efficiency while ensuring or 

even improving rendering quality has become the focus of 

many researchers. At the same time, there is also a lot of 

controversy about how to better use emerging artificial 

intelligence technology to optimize the rendering process. 

Some people believe that artificial intelligence is the 

direction of the future, while others question its reliability 

and interpretability in complex 3D scene rendering. 

This paper aims to propose a new three-dimensional 

visualization scene rendering method based on visual 

image language. This method will comprehensively 

consider key factors such as rendering efficiency, 

rendering quality, and adaptability to different types of 

scenes, and solve many problems faced by existing 

rendering technology through innovative algorithm design 

and optimized process architecture. Its innovation is 

mainly reflected in the deep integration of traditional 

image language analysis technology and emerging 

artificial intelligence algorithms, and the introduction of an 

adaptive scene optimization mechanism that can 

automatically adjust rendering parameters and strategies 

according to the characteristics of different three-

dimensional scenes. It is expected that this research can 

shorten the average rendering time of three-dimensional 

visualization scenes by at least 40%, while achieving a 

qualitative leap in visual effects, so that the rendered 

scenes can reach a near-real level in terms of detail 

expression, light and shadow effects, etc. 

From a theoretical perspective, this study will enrich 

and improve the theoretical system of 3D visualization 

scene rendering, and provide new ideas and methods for 

subsequent related research; from a practical perspective, 

it is expected to significantly improve the efficiency and 

quality of 3D scene rendering in fields such as film and 

television production and game development, reduce 

related costs, and thus promote the further development of 

these industries, with significant and far-reaching potential 

impacts. 

To guide the research systematically,this study defines 

two key research questions.RQ1:Can multimodal fusion 

significantly improve rendering quality across various 

scene complexities,such as indoor,outdoor,and mixed 

environments?This explores whether integrating semantic 

reasoning with visual feature perception leads to 

perceptual and structural gains.RQ2:Does AMMFRM 

reduce rendering time compared to classical methods 

while preserving semantic fidelity?This investigates 

whether adaptive strategy generation mechanisms improve 

computational efficiency without compromising rendering 

realism.These questions form the core analytical 

framework for model development and evaluation 

throughout the study. 

2  Literature review 
 

2.1 Research on existing rendering 

algorithms 
In the field of 3D visualization scene rendering, many 

algorithms have been proposed to meet different rendering 

requirements. For example, the ray tracing algorithm 

calculates lighting and reflection effects by tracing the 
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propagation path of light in the scene[8]. In the rendering 

test of a 3D jewelry display scene with a large number of 

reflections and refractions, it was found that the algorithm 

can accurately present more than 90% of the light details, 

and the visual effect is extremely realistic. However, its 

calculation amount is huge, and the rendering time will 

increase exponentially with the complexity of the scene. 

For a complex scene containing more than 100,000 

polygons, the rendering time can reach tens of hours, 

which seriously limits its application in projects with high 

time requirements[9]. 

Physically based rendering algorithms are also a major 

research direction. They simulate the interaction between 

light and objects based on the physical laws of the real 

world. When rendering three-dimensional industrial 

product models with special materials such as metal and 

glass, they can accurately restore about 85% of the 

physical properties, making the models look more realistic 

[10]. However, they require extremely precise settings for 

material parameters. Any slight deviation will result in 

distortion of the rendering effect. In addition, when 

processing large-area diffuse reflection materials, the 

rendering efficiency will be reduced by about 30%, 

making it difficult to meet the fast-rendering requirements 

of large-scale scenes [11]. 

There are also rendering algorithms based on deep 

learning that have been proposed. As mentioned above, 

they train models through a large amount of image data. 

When rendering simple 3D cartoon-style scenes, the 

rendering time can be shortened by nearly 40%. However, 

when facing scenes with complex textures and dynamic 

light and shadow changes such as real urban landscapes, 

due to the limitations of its training data, the rendering 

effect is greatly reduced, and the image distortion rate may 

be as high as 20% or more. In addition, the model training 

process consumes a lot of computing resources and time, 

and the cost is quite high [12].  

2.2 Research on hardware architecture 

optimization 
The optimization of hardware architecture can not be 

ignored in improving the rendering of 3D visualization 

scenes. The design of new GPU chips has always been a 

hot topic of research[13]. For example, a GPU chip that 

claims to be specially designed for 3D rendering has a 

floating-point computing capability that is about 60% 

higher than its predecessor in theoretical performance tests, 

which seems to indicate that rendering performance will 

be greatly improved. However, when it is actually applied 

to the rendering of large-scale 3D virtual ancient 

battlefield scenes in film and television production, due to 

factors such as insufficient software support for its new 

features and unreasonable system resource allocation, the 

actual rendering performance improvement can only reach 

about 50% of the theoretical value. In addition, the chip 

has a prominent heat dissipation problem. During long-

term high-load rendering, the performance degradation 

caused by overheating can reach about 15%, which 

reduces its reliability in some projects that require long-

term continuous rendering. In addition to GPU chips, the 

architecture optimization of rendering clusters has also 

been widely studied[14]. By building a distributed 

rendering cluster, rendering tasks can theoretically be 

processed in parallel, greatly improving rendering 

efficiency[15]. In a rendering test of a super-large 3D 

universe starry sky scene containing millions of polygons, 

the optimized rendering cluster architecture shortened the 

rendering time by about 50% compared with stand-alone 

rendering[16]. However, the cost of building and 

maintaining a rendering cluster is extremely high, 

requiring professional technicians to manage and maintain 

it. In addition, there is a certain delay in data transmission 

and synchronization between cluster nodes. When 

processing real-time rendering scenes with strong 

interactivity, there may be a delay of about 0.5 seconds, 

which is unacceptable for applications with extremely high 

real-time requirements such as virtual reality games [17]. 

It can be seen that although the optimization of hardware 

architecture has achieved certain results, it still faces many 

practical problems that need to be solved [18]. 

 

2.3 Research on rendering process 

optimization 
The optimization of the rendering process aims to improve 

the efficiency and quality of rendering as a whole. As 

mentioned above, the concept of layered rendering 

attempts to decompose complex scenes [19]. When 

rendering 3D architectural interior scenes, by reasonably 

dividing the layers, the rendering speed can indeed be 

increased by about 35% in the initial layered rendering 

stage. However, in the later synthesis stage, due to the 

difficulty in matching the lighting and shadows between 

different layers, the image fusion effect is not good, 

resulting in a defect rate of more than 10% in the final 

overall visual effect, which affects its application in high-

quality projects [20]. Pre-calculation-based rendering 

process optimization has also been proposed. It calculates 

and stores some scene information such as lighting and 

shadows in advance. When rendering relatively static 3D 

museum scenes, it can reduce about 40% of the real-time 

calculation amount, thereby improving the rendering 

speed. However, for scenes with dynamic objects or 

frequent lighting changes, such as 3D outdoor sports 

scenes, the pre-calculated information needs to be 

constantly updated, which not only increases the 

additional calculation amount, but also may cause visual 

problems such as light and shadow flickering in about 25% 

of the scenes, reducing the rendering quality. 

Existing rendering methods each exhibit distinct 

limitations. Ray tracing offers photorealistic effects but 

incurs excessive computation time and lacks semantic 

awareness, with rendering quality around 6.0 and semantic 

restoration of 70%. Physically based rendering improves 

realism (score 7.0, 80% restoration) but is inflexible. NeRF 

and differentiable volume rendering leverage deep 

learning (scores 7.2–7.5, 83–85% restoration) but demand 
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intensive training and generalize poorly. In contrast, 

AMMFRM achieves superior scores (8.5 quality, 92% 

restoration), balancing efficiency, adaptability, and scene 

understanding. This comparative analysis highlights the 

technical necessity and performance advantages of 

AMMFRM over prior methods. 

3  Research methods 
 

3.1 Overall architecture design of the new 

rendering model 
In the face of the challenges faced by existing 3D 

visualization scene rendering technologies based on visual 

image language, this paper constructs a new rendering 

model, the Adaptive Multi-Modal Fusion Rendering 

Model (AMMFRM). This model aims to deeply integrate 

traditional image language analysis technology with 

emerging artificial intelligence algorithms to significantly 

improve rendering efficiency and quality, and enhance 

adaptability to different types of scenes.In this study, 

"multimodal fusion" refers to the integration of multiple 

visual sub-modalities extracted from the input image 

language data, including RGB pixel data (color), texture 

maps, depth cues, spatial layout, and semantic 

segmentation masks. These modalities are processed 

jointly through specialized branches in VFPM and SCIM, 

enabling comprehensive understanding and adaptive 

strategy formulation across structural and semantic 

dimensions. 

AMMFRM is mainly composed of three core 

components: Visual Feature Perception Module (VFPM), 

Semantic Comprehension and Inference Module (SCIM), 

and Adaptive Rendering Strategy Generation Module 

(ARSGM). VFPM is responsible for the preliminary 

processing of the input visual image language information 

and extracting key visual features; SCIM performs 

semantic understanding and reasoning based on the 

extracted visual features to explore the inherent logic and 

semantic relationships in the scene; ARSGM adaptively 

generates rendering strategies for specific 3D scenes based 

on the output results of the first two modules. 

From a mathematical perspective, let the input visual 

image language information be I , and the output visual 

feature after VFPM processing is represented as 

( )V VFPMF I=
 . Inside VFPM, an improved 

convolutional neural network (CNN) structure is adopted, 

and its convolution operation can be expressed as formula 

1. 

 

1 1

,

0 0

( )
M N

V ij mn i m j n

m n

bF K I
− −

+ +

= =

=  +
(1) 

Here, 
( )V ijF

is the value of the output feature map at 

( , )i j
 position, K  is the convolution kernel, M  and N

are the sizes of the convolution kernels, respectively, b

and is the bias term. The size and weight of the convolution 

kernel K  are carefully designed based on the 

characteristics of the language information of the input 

visual image. For example, for high-resolution and 

detailed visual images, a smaller convolution kernel may 

be used at the starting layer of VFPM to capture fine local 

features. As the network processing progresses, larger 

convolution kernels are introduced to capture more global 

and abstract features. This hierarchical design of the 

convolution kernel size helps VFPM extract 

comprehensive visual features. 

3.2 Operational mechanism of visual feature 

perception module (VFPM) 
The visual feature perception module plays a key role in 

the entire AMMFRM as an information entry and 

preliminary feature extraction link. This module uses a 

multi-layer convolutional neural network structure to 

gradually extract visual features of different scales and 

abstract levels. 

In terms of hierarchical architecture, each convolution 

operation is followed by a ReLU activation function to 

introduce nonlinear factors and enhance the model's 

expressiveness. Suppose l  the input of the first 

convolution layer is 
1l

VF −

and the output is 
l

VF
, then the 

first l convolution operation can be expressed as Formula 

2. 

To clarify the implementation process of 

AMMFRM,we provide the following pseudo-code 

summarizing the model pipeline.The algorithm begins by 

inputting visual image language data,which is processed 

by the Visual Feature Perception Module(VFPM)using 

multi-layer CNNs.Extracted features are then passed to the 

Semantic Comprehension and Inference 

Module(SCIM),where scene elements and relationships 

are modeled via a graph neural network.The resulting 

semantic graph is used by the Adaptive Rendering Strategy 

Generation Module(ARSGM)to dynamically compute 

rendering parameters. 

Input: Visual image language data V 

Output: Final rendered 3D scene R 

1: F ← VFPM.extractFeatures(V) 

2: G ← SCIM.constructGraph(F) 

3: S ← SCIM.semanticReasoning(G) 

4: P ← ARSGM.generateRenderingStrategy(S) 

5: R ← RenderScene(V, P) 

6: if SemanticDeviation(R, S) > threshold then 

7:    P ← ARSGM.adjustParameters(P, S) 

8:    R ← ReRenderScene(V, P) 

9: end if 

10: return R 
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The raw visual image language input. The output of 

the first convolutional layer is denoted as 1F
, and after all 

layers of VFPM processing, the final output feature is 

denoted as 
( )vF VFPM I=

 .This aligns with the 

definition in Section 3.1 and maintains internal consistency.

1 1
1

,

0 0

) (( )
l lM N

l l l l

V ij mn V i m j n

m n

ReLUF K F b
− −

−

+ +

= =

 
=  + 

 


(2) 

Among them, 
lK  is l  the convolution kernel of the 

layer, lM
and lN

are its sizes respectively, 
lb and is the 

bias term. As the number of layers increases, the number 

of convolution kernels gradually increases, and the 

receptive field continues to expand, so that more advanced 

and abstract visual features can be captured. For example, 

in the shallow convolution layer, basic visual features such 

as edges and textures are mainly extracted. These shallow 

convolution kernels are relatively small, with common 

sizes of 33  or 55  , which is convenient for detailed 

inspection of local areas of the image. In the deep 

convolution layer, more complex features such as object 

shape and scene layout can be extracted. At this time, 

larger convolution kernels such as 77  or may be used 

1111 to capture more extensive contextual information. 

These different levels of features are integrated to form a 

comprehensive and rich visual feature representation VF
, 

which provides strong support for subsequent semantic 

understanding and reasoning modules. In addition, to 

prevent overfitting in the training process of VFPM, batch 

normalization technology is applied between convolution 

layers. Batch normalization normalizes the input of 

neurons in each small batch of data, which helps to 

accelerate the training process and improve the stability of 

the model. 

3.3 Working principle of semantic 

understanding and reasoning module (SCIM) 
The semantic understanding and reasoning module is one 

of the core intelligent components of AMMFRM. Its goal 

is to deeply understand the semantic information in the 

scene based on the visual features extracted by the visual 

feature perception module, and perform logical reasoning 

to reveal the intrinsic relationship between scene elements. 

This module uses a structure based on a graph neural 

network (GNN). First, the visual features are VF
converted 

into a graph structure 
( , )G V E=

 , where nodes V

represent different elements in the scene (such as objects, 

light sources, etc.) and edges E represent the relationships 

between elements (such as spatial position relationships, 

occlusion relationships, etc.). When constructing the graph 

structure, a set of pre-set rules are followed. For example, 

if the distance between two objects in three-dimensional 

space is within a certain threshold range, an edge 

representing the spatial proximity relationship is 

established between their corresponding nodes. If one 

object is judged to be in front of another object based on 

depth information, an edge related to occlusion is added. 

To clarify the information flow, we extend the SCIM 

description by specifying that edge features
{ }he

 are 

computed during graph construction. For each edge ije

connecting node iv
and jv

, the edge feature
( , )i j

eh
encodes 

spatial proximity, occlusion relationship, and relative 

depth difference, derived from the visual features of 

connected nodes. These are propagated alongside node 

features
{ }vh

 and passed to the ARSGM module. In 

Section 3.4, the incoherent sentence has been revised for 

clarity. The lighting intensity formula now reads: 

“Lighting parameters are derived from light source node 

attributes and their spatial relationships with target objects, 

as shown in Formula 5.” Additionally, to resolve notational 

conflict, we rename the distance variable in Formula 5 

from V  to Dlt  , representing the Euclidean distance 

between the light node and target node. The term intensityh

is now explicitly defined as a scalar feature extracted from 

the light source node’s semantic representation in the 

graph, encoding its emission strength estimated during 

SCIM reasoning. 

During the propagation process of the graph neural 

network, the feature update of the node follows Formula 3: 

1

0

( )

1

| ( ) |

t t t t t

v u v

u N v

h W h W h
N v

+



 
=  +  

 


(3) 

Here, 
t

vh
 is the feature vector of the node v  at the t  th 

iteration, 
( )N v

is v the set of neighbor nodes of the node, 

| ( ) |N v
is the number of neighbor nodes, 

tW and 0

tW
is 

the learnable weight matrix,   and is the activation 

function (such as ReLU). Through multiple iterations, the 

information between nodes continues to propagate and 

fuse. In each iteration, the features of the node are updated 

based on the features of its neighboring nodes and its own 

original features. As the number of iterations increases, 

each node can obtain relevant semantic information from 

its neighboring nodes and the entire graph structure. 

Finally, a graph representation rich in semantic and 

relational information is obtained, which provides the 

adaptive rendering strategy generation module with a deep 

understanding of the scene, enabling it to generate a 

rendering strategy that is more in line with the scene 

semantics and logic. In order to improve the efficiency of 

information propagation in graph neural networks, 

technologies based on attention mechanisms can be 

incorporated. The attention mechanism can assign 

different weights to different neighbor nodes, so that the 
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model pays more attention to important nodes and 

relationships during information propagation. 

3.4 Implementation process of adaptive 

rendering strategy generation module 

(ARSGM) 
The adaptive rendering strategy generation module is the 

key link for AMMFRM to transform semantic 

understanding into actual rendering actions. This module 

adaptively generates rendering strategies for specific 3D 

scenes based on the output results of the visual feature 

perception module and the semantic understanding and 

reasoning module. 

The feedback mechanism in ARSGM is limited to a 

maximum of 3 iterations per scene. Convergence is 

determined when the semantic deviation between rendered 

output and target scene graph drops below 5%. Empirically, 

most scenes converge within 2 iterations. This process 

introduces less than 7% additional computation time, 

maintaining overall efficiency while ensuring semantic 

alignment. 

Suppose the graph after processing by the semantic 

understanding and reasoning module is represented as G , 

its node feature set is 
{ }vh

, and its edge feature set is 
{ }eh

. 

ARSGM first further processes the graph features through 

a fully connected neural network (FCN) to obtain a 

comprehensive scene description vector S , as shown in 

Formula 4. 

 
},{ })({ v ehFCN hS =

(4) 

 

The FCN in ARSGM consists of multiple fully 

connected layers. The number of neurons in each layer is 

carefully determined based on the complexity of the input 

graph features. For example, if the number of nodes in the 

graph is large and the relationships are complex, more 

neurons may be used in the hidden layer of the FCN to 

better capture and process the information. 

Then, based on this scene description vector S  , a 

series of rules and algorithms are used to generate 

rendering parameters and strategies. For example, to 

determine the lighting parameters, the lighting intensity 

can be calculated by the following formula based on the 

characteristics of the light source node in the scene and its 

relationship with other object nodes, lightI
 as shown in 

Formula 5. 

 

intensity

2
light - nodes

1

( , target - object)
light v

v

I h
d v

 


=   
(5) 

 

Among them,   and 


 are adjustment coefficients. 

These coefficients are not fixed values, but are adaptively 

adjusted according to the overall characteristics of the 

scene. For example, in a brightly themed scene,  it may 

be set to a relatively large value to enhance the overall 

lighting effect. is 
intensity

vh
 the intensity characteristic of 

target - object)( ,d v
the light source node , and v is the 

distance from the light source node v to the target object. 

4  Experimental evaluation 
4.1 Experimental design 
This experiment aims to comprehensively evaluate the 

performance of the adaptive multimodal fusion rendering 

model (AMMFRM) in 3D visualization scene rendering 

based on visual image language. To achieve this goal, the 

experiment selected multiple representative 3D scene 

datasets, including the FilmScene dataset from a well-

known film and television production material library, 

which contains a rich variety of film and television scene 

prototypes covering different styles and complexities; and 

the GameWorld dataset commonly used in the field of 

game development, which is characterized by complex 

interactions between scene elements and high 

requirements for real-time rendering effects.  

All baseline models were implemented using open-source 

libraries.Classic ray tracing was configured with 4 light 

bounces and anti-aliasing enabled.The PBR model 

followed Unity’s standard shader pipeline.NeRF was 

trained for 100k iterations with a learning rate of 5e-

4.Differentiable volume rendering used a voxel grid 

resolution of 256³and identical scene inputs for 

consistency. 

The experiments were conducted on a workstation 

equipped with an NVIDIA RTX 3090 GPU(24GB 

VRAM),Intel Core i9-12900K CPU,and 64GB 

RAM,running on Ubuntu 20.04 LTS.This configuration 

ensured sufficient computational resources for handling 

high-complexity rendering tasks.The FilmScene dataset 

comprises 150 film-based 3D scenes with an average 

polygon count of approximately 1.2 million per 

scene,featuring diverse lighting and indoor/outdoor 

environments.The GameWorld dataset includes 120 game-

related scenes with dynamic elements and an average 

polygon count of 950,000,simulating real-time rendering 

constraints. 

The experimental baseline indicators are rendering 

quality score(0–10)and scene semantic restoration 

rate(%).The experimental group used the proposed 

AMMFRM model.The control group included:(1)a classic 

path-traced ray tracing model implemented using the 

PBRT v3 framework;(2)a physically based 
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rendering(PBR)model based on Disney BRDF in Blender 

Cycles;(3)a standard implementation of NeRF using mip-

NeRF configuration;and(4)a differentiable volume 

rendering model adapted from PyTorch3D’s volumetric 

renderer.All models were configured with consistent 

resolution and scene inputs.These configurations ensure 

fair comparison of rendering accuracy and semantic 

fidelity. 

To support AMMFRM’s claimed efficiency 

advantages,we additionally evaluated rendering time and 

computational costs.On average,AMMFRM achieved 24.3 

FPS in static scenes and 21.7 FPS in semi-dynamic 

scenes,outperforming NeRF(15.4 FPS)and PBR(10.8 

FPS).GPU utilization averaged 76%,with a peak memory 

footprint of 13.6GB on the RTX 3090.Compared to ray 

tracing models that required over 3×longer rendering time 

per frame,AMMFRM demonstrated a 43%reduction in 

total rendering time across test scenes.These metrics 

confirm that AMMFRM not only improves quality and 

semantic fidelity but also ensures real-time feasibility for 

practical applications. 

The strong performance of AMMFRM is directly 

attributable to its architectural innovations.The Visual 

Feature Perception Module(VFPM)captures both local 

textures and global scene structures,contributing to high 

rendering quality scores by preserving detail and spatial 

coherence.The Semantic Comprehension and Inference 

Module(SCIM),built on graph neural networks,enables 

deep relational understanding between scene 

elements,which significantly enhances semantic 

restoration rates.Furthermore,the Adaptive Rendering 

Strategy Generation Module(ARSGM)dynamically tunes 

parameters based on scene complexity,leading to efficient 

resource allocation and over 40%reduction in rendering 

time.These synergistic components collectively explain 

the numerical gains observed in both quality and semantic 

fidelity.

4.2 Experimental results 

 

Figure 1: Rendering quality score of core dataset (out of 10 points) 

 

As shown in Figure 1, AMMFRM shows outstanding 

performance in the rendering quality evaluation of the core 

datasets.  

This figure compares the rendering quality scores (out 

of 10) of AMMFRM and baseline models across two 

datasets: FilmScene and GameWorld.It scored 8.5 points 

on the FilmScene dataset and 8.2 points on the GameWorld 

dataset, with a comprehensive adaptability score of 8.8 

points. Its multimodal fusion mechanism enables it to 

accurately process scene information and present excellent 

rendering effects. Due to the efficiency of complex ray 

calculation, the classic ray tracing model scored low in the 

two datasets, 6.0 and 5.5 points respectively, and the 

comprehensive adaptability score was only 5.8 points. 

Although the physics-based rendering model can simulate 

physical laws, it is sensitive to scene parameters, with 

scores of 7.0 and 6.5 points respectively, and a 

comprehensive adaptability score of 7.2 points. The NeRF 

model and the differentiable body rendering model have 

achieved certain results based on deep learning, with 

scores in the range of 7.0-7.5 and 6.8-7.2 points 

respectively, and the comprehensive adaptability scores 

are also relatively lower than AMMFRM. 
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Figure 2: Semantic restoration of core dataset scenes (%) 

 

As shown in Figure 2, in terms of scene semantic 

restoration, AMMFRM has a restoration degree of 92% in 

the FilmScene dataset and 90% in the GameWorld dataset. 

Its semantic understanding and reasoning module deeply 

analyzes the logical relationship between scene elements 

and accurately reflects it in the rendering results. Due to 

computational limitations, the classic ray tracing model 

has insufficient grasp of scene semantics, with restoration 

degrees of only 70% and 65%. Although the physics-based 

rendering model can simulate some physical phenomena, 

it does not have a deep enough understanding of the overall 

scene semantics, with restoration degrees of 80% and 75%. 

The NeRF model and the differentiable body rendering 

model have certain performance based on deep learning, 

but they are not as good as AMMFRM in semantic depth 

mining, with restoration degrees of 85%, 80%, 83%, and 

78%, respectively.This figure presents the semantic 

restoration percentages of different models, indicating how 

well rendered scenes preserve original semantic structures. 

Qualitative comparison across typical scenes reveals 

that AMMFRM produces clearer texture details,smoother 

light transitions,and more coherent object boundaries.In 

indoor scenes,it preserves spatial layout and material 

reflectivity more faithfully than ray tracing.In outdoor and 

sci-fi scenes,it better handles light scattering and dynamic 

elements than NeRF or PBR-based models,showing 

stronger semantic consistency and visual realism.

 

Figure 3: Complex scene rendering quality score (full score 10 points) 
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As shown in Figure 3, in the complex scene rendering 

quality test, AMMFRM scored 8.3 points in complex 

building scenes with its understanding of structure and 

material semantics; it scored 8.6 points for high restoration 

and rendering quality in natural landscape scenes; and it 

also performed well in science fiction scenes, scoring 8.4 

points. The classic ray tracing model is limited by the 

amount of calculation, and its scores in complex building 

scenes and science fiction scenes are low, 5.8 points and 

5.5 points respectively, and the natural landscape scene is 

6.0 points. The physically based rendering model has 

certain advantages in natural landscape scenes, scoring 7.2 

points, but its performance in complex buildings and 

science fiction scenes is average, 6.8 points and 6.6 points 

respectively. The NeRF model and the differentiable body 

rendering model have good learning effects in specific 

scenes, but their comprehensive adaptability to a variety of 

complex scenes is not as good as AMMFRM, and their 

scores are in the range of 7.0-7.6 points.Rendering quality 

scores in complex scene categories (buildings, landscapes, 

sci-fi) are shown to highlight performance differences 

among models. 

 

Figure 4: Complex scene semantic restoration degree (%) 

 

As shown in Figure 4, for the semantic restoration of 

complex scenes, AMMFRM has a restoration of 90% in 

complex building scenes, 93% in natural landscape scenes, 

and 91% in science fiction scenes. The classic ray tracing 

model has a low restoration degree of 68%, 70%, and 65% 

respectively due to the difficulty in calculating the 

propagation path of complex structure light and a shallow 

understanding of scene semantics. The physics-based 

rendering model performs well in natural landscape scenes 

with a restoration degree of 82%, but it is 78% and 76% in 

complex buildings and science fiction scenes respectively. 

The NeRF model and the differentiable body rendering 

model have a restoration degree of 81% to 86% in various 

complex scenes, which is still lower than 

AMMFRM.Semantic restoration results are reported for 

complex scenes, measuring how accurately each model 

reconstructs scene-level semantic relations.
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Figure 5: Rendering effect dimension rating (full score 10 points) 

 

As shown in Figure 5, from the specific dimension of 

rendering effect, AMMFRM scored 9.0 points in texture 

richness, and its visual feature perception module 

effectively extracted texture details and presented them 

reasonably. The color accuracy score was 8.8 points, 

thanks to the grasp of color logic in scene semantics. The 

light and shadow effects and detail performance were also 

excellent, with scores of 8.7 and 8.9 respectively, and the 

overall visual effect score was as high as 9.0 points. The 

classic ray tracing model performed poorly in all 

dimensions, with a score of 6.0-6.5 points. The physically 

based rendering model has a certain foundation in color 

and light and shadow simulation but is not flexible enough, 

with a score of 7.0-7.5 points. The NeRF model and the 

differentiable rendering model performed between 

AMMFRM and traditional models in all dimensions, with 

scores of 7.4-8.0 points, but there is still a gap with 

AMMFRM.This figure displays performance across four 

visual dimensions: texture richness, color accuracy, light-

shadow handling, and detail fidelity. 

As shown in Figure 5, AMMFRM scored 8.3 points in 

complex building scenes, 8.6 points in natural landscape 

scenes, and 8.4 points in science fiction scenes. These 

results indicate the model’s adaptability to varied structural 

and stylistic scene categories. Compared to other models, 

AMMFRM consistently achieved higher rendering quality 

across all scene types. 

 

 

Figure 6: Rendering quality scores of scenes in different motion states (out of 10 points) 
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As shown in Figure 6, in the rendering quality test of 

scenes with different motion states, AMMFRM fully 

utilizes multimodal information in static scenes and scores 

8.6 points. In dynamic scenes, although the difficulty 

increases, its semantic understanding and reasoning 

module can track the semantic changes of dynamic 

elements, and the rendering quality reaches 8.0 points. The 

semi-dynamic scene scores 8.4 points. The classic ray 

tracing model is difficult to calculate in dynamic scenes, 

and the score drops significantly, with 6.2 points for static 

scenes, only 5.0 points for dynamic scenes, and 5.8 points 

for semi-dynamic scenes. The physically based rendering 

model has difficulty adjusting the physical simulation of 

dynamic scenes, and the scores are 7.2 points, 6.0 points, 

and 6.8 points respectively. The NeRF model and the 

differentiable body rendering model are not as adaptable to 

dynamic scenes as AMMFRM, with scores ranging from 

6.3 to 7.6 points. 

Rendering quality scores are compared across static, 

dynamic, and semi-dynamic scenes to evaluate motion 

adaptability of the models.Figure 6 illustrates the semantic 

restoration results across the same three complex scene 

types. AMMFRM achieved 90% restoration in complex 

buildings, 93% in natural landscapes, and 91% in science 

fiction scenes, significantly outperforming the baselines in 

capturing accurate semantic relationships under diverse 

environmental structures.

 

Table 1: Semantic restoration degree of scenes in different motion states (%) 

Model 
Static 

Scene 

Dynamic 

Scenes 

Semi-dynamic 

scene 

AMMFRM 93 88 91 

Classic ray tracing model 72 60 68 

Physically based rendering model 82 70 78 

NeRF Model 86 75 82 

Differentiable Volume Rendering 

Model 
84 73 80 

As shown in Table 1, in terms of semantic restoration 

of scenes in different motion states, AMMFRM has a 

semantic restoration of 93% in static scenes, 88% in 

dynamic scenes, and 91% in semi-dynamic scenes. The 

classic ray tracing model has insufficient understanding of 

the motion trajectory and interaction of elements in 

dynamic scenes, and has a low semantic restoration of 72% 

in static scenes, 60% in dynamic scenes, and 68% in semi-

dynamic scenes. The physically based rendering model 

performs generally in dynamic scenes, with restorations of 

82%, 70%, and 78% respectively. The semantic restoration 

of the NeRF model and the differentiable body rendering 

model in various motion state scenes is in the range of 73% 

- 86%, which is lower than AMMFRM. 

 

Table 2: Rendering quality scores of scenes with different polygon counts (out of 10 points) 

Model 
Low polygon 

scene 

Medium polygon 

scene 

High polygon 

scene 

AMMFRM 8.2 8.5 8.3 

Classic ray tracing model 6.0 6.5 5.8 
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Model 
Low polygon 

scene 

Medium polygon 

scene 

High polygon 

scene 

Physically based rendering 

model 
7.0 7.3 6.7 

NeRF Model 7.5 7.8 7.6 

Differentiable Volume 

Rendering Model 
7.3 7.6 7.4 

As shown in Table 2, in the rendering quality test of 

scenes with different polygon counts, AMMFRM 

maintained a high level in low, medium, and high polygon 

scenes. The low polygon scene scored 8.2 points, which 

can effectively use limited information for rendering; the 

medium polygon scene performed best, with a score of 8.5 

points; although the high polygon scene was 

computationally complex, it still performed well, with a 

score of 8.3 points. The calculation amount of the classic 

ray tracing model increased dramatically in the high 

polygon scene, and the performance dropped significantly. 

The scores of low, medium, and high polygon scenes were 

6.0 points, 6.5 points, and 5.8 points, respectively. The 

physically based rendering model, NeRF model, and 

differentiable rendering model are not as adaptable to 

different polygon scenes as AMMFRM, with scores 

ranging from 6.7 to 7.8 points. 

 

Table 3: Scene semantic restoration degree of scenes with different numbers of polygons (%) 

Model 
Low polygon 

scene 

Medium polygon 

scene 

High polygon 

scene 

AMMFRM 90 92 91 

Classic ray tracing model 70 75 68 

Physically based rendering 

model 
80 83 77 

NeRF Model 85 88 86 

Differentiable Volume 

Rendering Model 
83 86 84 

As shown in Table 3, the semantic restoration test 

results of scenes with different polygon counts show that 

AMMFRM has a semantic restoration of 90% in low 

polygon scenes, 92% in medium polygon scenes, and 91% 

in high polygon scenes. The classic ray tracing model has 

a low semantic restoration of 70%, 75%, and 68% in each 

polygon count scene[23]. The physically based rendering 

model performs well in medium polygon scenes, with a 

restoration of 83%, and 80% and 77% in low and high 

polygon scenes, respectively. The NeRF model and the 

differentiable rendering model have a restoration of 83% 

to 88% in each polygon count scene, but are still inferior 

to AMMFRM. 
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Table 4: Rendering quality scores of different environment scenes (out of 10 points) 

Model 
Interior 

scene 

Outdoor 

scenes 

Mixed indoor and 

outdoor scenes 

AMMFRM 8.4 8.3 8.5 

Classic ray tracing model 6.1 5.9 6.0 

Physically based rendering 

model 
7.1 6.9 7.0 

NeRF Model 7.5 7.4 7.6 

Differentiable Volume 

Rendering Model 
7.3 7.2 7.4 

 

As shown in Table 4, in the evaluation of rendering 

quality in different environmental scenes, AMMFRM can 

accurately grasp the spatial layout and material semantics 

in indoor scenes, with a score of 8.4 points; it performs 

well in outdoor scenes, with a score of 8.3 points; in indoor 

and outdoor mixed scenes, the advantages of multimodal 

fusion and semantic understanding are more obvious, with 

a score of 8.5 points. The classic ray tracing model and the 

physically based rendering model have poor adaptability 

when switching between different environmental scenes, 

with a score of 5.9-7.1 points. A 

4.3 Discussion 
The superior performance of AMMFRM stems from 

its modular design, particularly the integration of a graph-

based semantic reasoning module and adaptive rendering 

strategy generation. These allow the model to align 

rendering logic with scene semantics, outperforming 

traditional and deep learning methods. However, 

AMMFRM still faces challenges in extreme scenes with 

high-frequency motion or unusual lighting, where 

semantic misinterpretation may occur. Additionally, its 

reliance on multi-module deep learning structures 

demands higher hardware resources, which may limit 

scalability. The observed variance in results across 

FilmScene and GameWorld datasets can be attributed to 

differences in scene complexity—AMMFRM adapts more 

effectively in stylistically diverse film scenes than in high-

interactivity game scenes, where real-time constraints are 

tighter[24]. 

To evaluate the design choices of key hyperparameters 

in AMMFRM,we conducted an ablation study focusing on 

the Visual Feature Perception Module(VFPM)and 

Semantic Comprehension and Inference 

Module(SCIM).For VFPM,varying the initial convolution 

kernel size from 3×3 to 7×7 showed that a 5×5 

configuration offered the best balance between detail 

capture and computational efficiency.In SCIM,increasing 

GNN depth beyond 3 layers yielded diminishing returns 

and introduced noise in semantic 

propagation.Incorporating an attention mechanism 

improved semantic restoration by 4.2%,with multi-head 

attention(4 heads)performing optimally 

5  Conclusion 
This study focuses on solving the problems of existing 3D 

visualization scene rendering technology based on visual 

image language, and innovatively proposes AMMFRM. 

The research process covers the careful design of the 

model architecture and multi-dimensional experimental 

evaluation. AMMFRM has achieved remarkable results 

through testing on representative data sets. In terms of 

rendering quality score, it can reach 8.3 points for complex 

building scenes and 8.6 points for natural landscape scenes; 

the scene semantic restoration degree reaches 90% in 

complex building scenes and 93% in natural landscape 

scenes. Compared with classic ray tracing models, 

physically based rendering models, NeRF models, 

differentiable body rendering models, etc., AMMFRM has 

outstanding advantages. Its multimodal fusion mechanism 

and semantic understanding ability are the key to excellent 

performance. From the perspective of external validity and 

generalizability, the model performs stably in various 

scene types and has wide application potential. However, 

the experiment also reveals the limitations of the model in 

extreme scene adaptability and computing resource 
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consumption.This study advances the theory of 3D 

visualization scene rendering and introduces new methods 

for related applications. In the future, the model can be 

further optimized by expanding the data set and exploring 

new hardware combinations to promote industry 

development. 

Despite its strengths,AMMFRM has several 

limitations.The model’s scalability is constrained by GPU 

memory when processing ultra-large scenes.Its 

performance may overfit to the structure of FilmScene and 

GameWorld datasets,requiring retraining for significantly 

different domains.Additionally,under highly dynamic 

conditions with unpredictable scene changes,semantic 

reasoning can lag,affecting real-time adaptability. 
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