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ABSTRACT Accurate reconstruction and generation of complex cold-region waterfront environments
remain challenging due to the coupled influence of geometric structures, environmental conditions, and
physical constraints. This study proposes a multimodal conditional latent-space disentanglement and
physically constrained adversarial generation framework (MC-PAG) for LiDAR-based 3D scene modeling
and synthesis. The framework integrates LiDAR point-cloud measurements, semantic descriptors, and
environmental parameters into a structured latent representation through multimodal feature encoding and
latent-space disentanglement. A cascaded generative adversarial architecture is subsequently employed to
progressively reconstruct dense spatial point-cloud distributions, while differentiable physical-consistency
modules are embedded into the generation process to enforce environmental plausibility and geometric
continuity. Furthermore, a multi-scale discrimination strategy is introduced to jointly evaluate spatial
fidelity, semantic consistency, and physical-rule compliance. Experimental results on a dedicated cold-
region waterfront dataset demonstrate that the proposed framework achieves a semantic segmentation IoU
of 0.845 for ice–snow structures, maintains an average physical-rule violation rate of only 3.37%, and
generates spatial layouts with an average path curvature of 0.12. The generated scenes further exhibit high
geometric fidelity, environmental consistency, and controllable semantic representation. By establishing
a unified pipeline for LiDAR sensing information processing, spatial environment reconstruction, and
physically constrained scene generation, the proposed framework provides an effective methodology
for digital environment modeling and propagation-aware spatial representation in complex outdoor
environments.

INDEX TERMS LiDAR sensing, point cloud reconstruction, multimodal feature fusion, propagation
environment modeling

I. INTRODUCTION

W ITH the increasing impact of climate change on
seasonal landscapes, the winter utilization of cold-

region waterfront spaces and the inheritance of ice and snow
culture have become cutting-edge topics across landscape
architecture, urban-rural planning, and material science.
This interdisciplinary focus ensures that the preservation
of cultural heritage and the deployment of industrial in-
stallations contribute to the resilience and aesthetic value
of high-latitude waterfront environments. Traditional scene
design methods heavily rely on manual experience and
static modeling, making it difficult to efficiently respond
to dynamic changes in ice and snow environments, com-
plex terrain hydrological coupling relationships, and diverse
cultural expression needs [1,2]. In this context, the use of
artificial intelligence generation technology, especially 3D

vision based generation models, for data-driven automated
or semi automated creation of cold-region waterfront ice and
snow cultural scenes, demonstrates enormous potential for
driving design paradigm change [3,4]. This research not only
aims to provide technical tools for climate-adaptive spatial
planning but also opens new avenues for digitally preserv-
ing, reproducing, and innovatively developing regional ice
and snow culture, thereby demonstrating clear scientific and
practical value. Current research faces multi-dimensional
challenges. At the data level, publicly available 3D datasets
severely lack detailed semantic annotations of the complex
interfaces of "ice-snow-water-shore" and cultural structures
such as ice sculptures and snow castles, resulting in a
lack of high-quality, multimodal specialized data foundation
for model learning [5,6]. On a technical level, general 3D
generative models have significant limitations in handling
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such scenes: voxel or mesh based methods are difficult to
depict delicate geometric features and complex topologies
of ice and snow; Although point cloud based methods
can maintain geometric flexibility, their generation process
often ignores the hard constraints of basic physical rules
such as hydrology and thermodynamics, which can eas-
ily result in structures that violate geological knowledge
(such as suspended ice bodies) [7,8]. At the application
level, existing methods mostly focus on simulating visual
authenticity or single physical attributes, and fail to deeply
integrate advanced design intentions such as cultural seman-
tics and functional layout as controllable conditions into
the generation process, resulting in a disconnect between
the generated results and actual planning and design re-
quirements [9,10]. In response to data challenges, some
studies have used a combination of manual modeling and
physical simulation to construct small synthetic datasets,
or utilized drone photogrammetry for scene reconstruction.
However, these methods have bottlenecks in terms of scale,
efficiency, and detail richness [11,12]. Regarding generation
technology, existing work mainly advances along two paths:
one is to improve the architecture of GAN to enhance
the quality of point cloud generation, such as using tree
structure generators or introducing attention mechanisms
[13,14]; The second is to embed differential equation solvers
into neural networks to enhance physical consistency, such
as applying neural operators in fluid simulations [15,16].
However, the former usually does not explicitly model the
dynamic boundary conditions of phase transition processes
such as ice and snow accumulation and melting, as well as
their interaction with the shore; Although the latter performs
well in simulating a single physical field, it is difficult to
couple multiple physical processes and simultaneously meet
the global layout requirements of cultural semantics. These
methods still lack a unified framework to synchronously
optimize the geometric fidelity, multi-physics rationality,
and cultural semantic controllability of generated scenes in
an end-to-end manner. Therefore, this article focuses on
solving the core problem of generating three-dimensional
ice and snow scenes in cold regions with high physical
credibility and cultural semantic controllability in the ab-
sence of specialized data. Therefore, this paper proposes
a hybrid framework MC-PAG that decouples multimodal
conditional latent spaces and generates physical constraint
adversarial interactions. This method first designs a multi-
modal conditional encoder that maps sparse LiDAR point
clouds, symbolic cultural semantic labels, and parameterized
physical conditions to a structured latent space, and guides
the different dimensions of this space to represent geometric,
semantic, and physical properties through decoupling loss
functions. Subsequently, a cascaded GAN was used to syn-
thesize dense point clouds from decoupled latent variables,
with each upsampling layer of its generator connected to a
differentiable physical consistency verification module. This
module imposes constraints on the intermediate generated
results based on simplified material transport and phase

transition equations, and feeds back quantization errors that
violate physical rules as regularization terms to the adver-
sarial training loss function, thereby driving the generator
to spontaneously follow geological laws such as water ice
coexistence and snow distribution while pursuing visual
realism. The generation mechanism proposed in this article,
which combines explicit decoupling and implicit constraints,
achieves closed-loop control of physical rules and cultural
semantics from conditional input to geometric output.

II. GENERATIVE DESIGN METHOD FOR COLD-REGION
WATERFRONT ICE AND SNOW SCENES BASED ON
MC-PAG
To solve the problem of multimodal condition fusion and
physical law embedding in the generation of cold-region
waterfront ice and snow cultural scenes, this paper pro-
poses a hybrid framework based on multimodal condition
hidden space decoupling and physical constraint adversarial
generation. The overall architecture is shown in Figure
1. This framework consists of three core modules that
form a complete closed loop from conditional encoding
to adversarial optimization. The multimodal conditional
coding and hidden space decoupling module is responsible
for feature extraction and fusion of the original LiDAR
point cloud, semantic labels, and physical parameters, and
generates structured hidden space representations through
decoupling learning to achieve separation and control of
geometric, semantic, and physical attributes. The cascaded
point cloud generator module embedded with physical
constraints takes decoupled latent variables as conditions
and gradually synthesizes point clouds through multi-level
upsampling. Its key innovation lies in coupling a differen-
tiable physical simulator to each level, which feeds back
physical rules such as ice and snow accumulation and
waterfront boundaries as real-time normalized losses to the
generation process, ensuring the physical rationality of the
output scene. The multi-scale discrimination and physical
perception adversarial training module constructs a multi-
channel discrimination network to evaluate and generate
point clouds from multiple dimensions, including overall
structure, local details, and physical rule consistency. The
adversarial training mechanism drives the generator and
discriminator to collaborate and optimize, ultimately achiev-
ing high fidelity and high controllability scene generation.
The entire process embodies the systematic design concept
of "condition encoding, physical constraint generation, and
multi-dimensional adversarial optimization".

A. HIDDEN SPACE DECOUPLING CODING FOR
MULTIMODAL CONDITIONAL INPUT
This section aims to build a structured conditional represen-
tation foundation that encodes heterogeneous information
from LiDAR point clouds, semantic labels, and physical
parameters into an internally decoupled joint hidden space.
The decoupling property of this space is a key prerequisite
for achieving high-dimensional controllable generation in
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FIGURE 1. Intelligent generation framework for cold-region waterfront ice and snow scenes based on multimodal conditional latent
space decoupling and physical constraint adversarial generation

the future, ensuring that the different attributes of the
generator can be independently and accurately guided by the
separated conditional signals. The input raw sparse LiDAR
point cloud data is denoted as Praw ∈ RN×3, where N
is the number of points. The cultural semantic information
is provided by a two-dimensional label map S aligned
with the point cloud space, where each pixel corresponds
to a predefined semantic category (such as ice surface,
snow sculpture, water body). The physical conditions are
represented by a set of scalar parameter vector Φ ∈ RK ,
including temperature, wind speed, and other environmental
variables. Extracting modality specific features through three
parallel encoding networks. For geometric features, a point
cloud encoder Eg(·) based on PointNet++ architecture is
used to process Praw [17,18]:

fg = Eg(Praw) (1)

The encoder outputs a multi-scale geometric feature vector
fg that captures the scene from local details to global
contours through hierarchical farthest point sampling and
feature aggregation. For semantic features, use a lightweight
convolutional neural network Es to process the semantic
label graph S:

fs = Es(S) (2)

The encoder Es extracts the semantic layout and compo-
sition relationship of the scene, and outputs the semantic
feature vector fs. The physical parameter vector Φ is
encoded by a multi-layer perceptron Ep:

fp = Ep(Φ) (3)

This network maps discrete physical parameters to con-
tinuous physical feature vectors fp. Subsequently, the ex-
tracted multimodal feature vectors fg , fs, and fp are fused.

Adopting a strategy of splicing followed by nonlinear trans-
formation, implemented through a multi-layer perceptron
MLPfusion:

fjoint = MLPfusion([fg; fs; fp]) (4)

[;] represents the vector concatenation operation, and the
resulting fjoint is a joint feature vector containing multi-
source information interaction. The joint feature fjoint is fed
into the encoder Ejoint composed of fully connected layers
and mapped into a joint latent vector z ∈ Rd that follows a
Gaussian prior distribution [19,20]:

z = Ejoint(fjoint) (5)

To make the hidden space z interpretable and controllable,
decoupling learning constraints based on minimizing Total
Correlation (TC) are introduced. The total correlation TC(z)
is used to measure the statistical dependence between the
dimensions of latent variables, defined as the KL (Kullback
Leibler) divergence of the joint distribution q(z) multiplied
by the marginal distribution

∏d
i=1 q(zi) [21,22]:

Ldisent = TC(z) = DKL

(
q(z)

∥∥∥∥∥
d∏

i=1

q(zi)

)
(6)

Minimizing this loss aims to force information to separate
into different dimensions, achieve independence of hidden
variables in each dimension, and spontaneously form de-
coupled subspaces corresponding to different attributes. To
ensure that the hidden space encoding process does not
lose key input information, while applying reconstruction
loss as a constraint. Request to reconstruct the joint feature
fjoint from the hidden vector z through a symmetric decoder
network D(·):

Lrecon = ∥D(z)− fjoint∥22 (7)
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By jointly optimizing the objective function that includes
decoupling loss Ldisent and reconstruction loss Lrecon, this
module ultimately learns a structured joint latent space. In
this space, geometric, semantic, and physical information
are decoupled into different subsets of dimensions, provid-
ing clear and separated control signals for the generator,
making it possible to precisely control the corresponding
attributes of the generated scene by independently modify-
ing the hidden codes of specific dimensions.

B. CASCADED POINT CLOUD GENERATOR
INTEGRATING PHYSICAL CONSTRAINTS
The cascaded point cloud generator G in this section takes
the decoupled latent vector z and design conditions as inputs
to generate a high-density point cloud Pgen. Its core is to
synchronously embed differentiable physical simulations as
process constraints at each stage of cascading upsampling,
ensuring that the generated scene form is reasonable in both
geometric details and physical laws. After linear projec-
tion of the input conditions, the initial point cloud seed
P0 ∈ RM0×3 and its feature F0 are formed. The generation
process is completed by L cascaded units. At the l-th stage,
the output of the previous stage (Pl−1, Fl−1) is received
and upsampled to the target point Ml through feature
interpolation to obtain F up

l . Subsequently, the coordinate
prediction network ∆l predicts the coordinate offset based
the feature Fl on the features and the current position:

∆Pl = ∆l([Pl−1;F
up
l ]) (8)

Thus obtaining the preliminary point cloud P̃l for this level.
The key step is to embed the differentiable physics simulator
Pl into this process. Apply constraints to Pl based on the
current physical parameter Φ. For example, to simulate
the stability of ice and snow accumulation, calculate the
difference between the component of gravity acting on local
point i along the normal direction ni and the support force
represented by the local density ρi:

L
(l)
phy =

1

Ml

Ml∑
i=1

ReLU(g · ni − κ · ρi) (9)

κ is a parameter related to material strength, and ReLU
(Rectified Linear Unit) ensures that only violations of phys-
ical equilibrium (i.e. gravity component greater than support
force) are penalized [23,24]. This loss L

(l)
phy is fed back in

real-time to the training gradient of ∆l, forcing the network
to spontaneously follow physical rules when predicting
coordinates. After adjusting the physical constraints, the
final output point cloud Pl and feature Fl of this stage
are obtained and used as inputs for the next stage. Finally,
the generator outputs Pgen = PL. Through this cascaded
embedding mechanism, physical rules are integrated as an
intrinsic prior during generation, rather than being applied as
a separate post-processing step. This ensures that the output
point cloud Pgen achieves both high geometric fidelity and
physical plausibility.

C. MULTI-SCALE DISCRIMINATION AND PHYSICAL
PERCEPTION ADVERSARIAL TRAINING MECHANISM
The discriminator network D in this section adopts a multi-
scale architecture to jointly discriminate the point cloud
Pgen output by generator G from three levels: overall
structure, local details, and physical consistency. The core
of this design is to drive generator optimization through ad-
versarial training, while using a physical perception assisted
discrimination head to explicitly incorporate the compliance
of physical rules into the objective function of adversarial
games, thereby forcing the generated results to meet pre-
determined physical laws while improving visual realism.
The input of discriminator D is point cloud P . Firstly,
three point cloud feature extraction networks with different
receptive fields are used to process the input point cloud in
parallel, extracting multi-scale features of global, intermedi-
ate, and local levels respectively. After independent pooling
operations, these features are mapped to the corresponding
scale’s authenticity scalar scores sglobal, smid, slocal. The
multi-scale discrimination mechanism forces the generator
to match the true data distribution at various levels from
macro layout to micro geometry. On the basis of obtaining
multi-scale authenticity features, the discriminator adds a
physical rule consistency discrimination head. This module
takes mid-level features as input and predicts the probability
of the input point cloud violating rules on several key
physical relationships through a classification network. The
calculation of the physics violation score sphy is based
on the aggregation of the probability of violating these
rules. Therefore, the final discrimination output of discrim-
inator D for point cloud P is a composite vector s =
[sglobal, smid, slocal, sphy]. Correspondingly, the adversarial
training objective functions of generator G and discrimi-
nator D are extended to include multi-scale authenticity
adversarial loss and physical consistency adversarial loss
[25,26]. The goal of the generator is defined as minimizing
the following losses:

Ladv
G = − Ez∼p(z),c∼p(c)

[ ∑
k∈{glob,

mid,
loc}

Dk(G(z, c))

− λphy ·Dphy(G(z, c))

] (10)

Dk represents the authenticity discrimination score of the
corresponding scale, and Dphy represents the physical vi-
olation score. λphy is the weight coefficient that balances
the two terms. The goal of discriminator D is to accurately
distinguish between real and generated point clouds, and
to correctly evaluate their physical consistency. Its loss
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function is:

Ladv
D = EPreal

[∑
k

ReLU(1−Dk(Preal))

−λphy ·Dphy(Preal)]

+ EPgen

[∑
k

ReLU(1 +Dk(Pgen))

+λphy ·Dphy(Pgen)]

(11)

By iteratively optimizing the above adversarial objectives,
the final output point cloud Pgen of the generator achieves
a balance between visual realism and physical rationality.

III. EXPERIMENTAL SETUP AND DATASET
CONSTRUCTION
A. CONSTRUCTION AND PREPROCESSING OF
DATASET FOR COLD-REGION WATERFRONT ICE AND
SNOW CULTURAL SCENES
To address the lack of specialized data on cold-region
waterfront ice and snow cultural scenes in public datasets,
this study constructed a finely annotated multimodal dataset.
The data was collected in typical cold urban waterfront
areas, spanning multiple winter cycles to cover natural
changes in ice and snow and artificial structures during
festive periods. The collection adopts a collaborative scheme
of ground and airborne LiDAR, and through the deploy-
ment of ground control points and multi-level registration
processes, multiple period and multi-source point clouds are
unified into the same coordinate system, forming a complete
dense point cloud of the scene. The point cloud semantic
segmentation annotation defines five core categories: natural
water bodies, ice surfaces, snow cover layers, conventional
vegetation and buildings, and artificial ice and snow cultural
structures. The "artificial ice and snow cultural structures"
have been subdivided into functional subcategories. The an-
notation is independently completed by multiple individuals
and cross checked to ensure consistency. To adapt to the
model input, the large-scale point cloud is cut into regular
scene blocks, voxel downsampling and spatial normalization
are performed, and corresponding two-dimensional semantic
projections and physical parameter vectors are generated.
The final dataset partitioning and statistical information are
shown in Table 1.

TABLE 1. Statistical information of cold-region waterfront ice and snow scene
dataset

Category Number of scenes Average
points/scene

Number of
semantic
categories

Attached physical
parameters

Training set 170 1.2M 6 Temperature, wind
speed, humidity,
time

Validation set 20 1.1M 6 Temperature, wind
speed, humidity,
time

Test set 30 1.3M 6 Temperature, wind
speed, humidity,
time

As shown in Table 1, the dataset is divided into training
set, validation set, and testing set. The training set contains
170 scenarios, providing sufficient samples for model learn-
ing. The validation set and testing set are used for tuning
and evaluation, respectively. All scenarios have a point cloud
density of millions and six semantic labels, ensuring data
richness and task specificity. The synchronized collection
of physical parameters provides key conditional inputs for
generating models and establishes a reliable data foundation
for method validation.

B. COMPARISON METHODS AND EXPERIMENTAL
PARAMETER SETTINGS
To comprehensively evaluate the performance of the pro-
posed framework, this study selected four representative
3D scene generation methods as baselines for comparison.
1) The unconditional point cloud generation models are
represented by r-GAN (recurrent Generative Adversarial
Network) and TreeGAN (Tree-Generative Adversarial Net-
work). R-GAN generates point sequences through a recur-
rent neural network structure, while TreeGAN captures the
hierarchical structure of point clouds using a tree graph
convolutional network. They do not accept any conditional
input and only learn the overall distribution of the training
data [27,28]. 2) The conditional scenario generation model
selects SP-GAN (Scene Planning Generative Adversarial
Network) [29]. This method first generates semantic layout
diagrams, and then generates corresponding 3D point clouds
based on the layout, which can respond to semantic condi-
tions. 3) The two-stage baseline (SP-GAN+PBD) model is
generated and simulated using SP-GAN as the conditional
scene generator, with the same semantic layout as input to
generate the initial 3D point cloud. Subsequently, an offline
physics simulator based on the Position Based Dynamics
(PBD) framework was introduced to apply gravity, collision,
and basic material constraints to the initial point cloud.
Through iterative solving, it reached static equilibrium and
obtained a physically corrected scene. These comparison
methods provide a benchmark for comparison from three di-
mensions: unconditional generation, conditional generation,
and physical processing, as shown in Table 2.

TABLE 2. Overview of Core Characteristics of Comparative Methods

Method name Type Conditional
control mode

Physical rule
processing
method

r-GAN Unconditional
generation

None None

TreeGAN Unconditional
generation

None None

SP-GAN Conditional
generation

Semantic layout None

SP-GAN +
PBD(Two-stage)

Conditional
generation +
post-processing

Point cloud
hidden vectors

Offline posterior
simulation and
correction

MC-PAG
(Proposed)

Conditional
generation

Multimodal
(geometric,
semantic,
physical)

End-to-end online
constraints
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All experiments were conducted in a unified computing
environment, and the models were implemented based on
the PyTorch framework [30]. For the MC-PAG framework,
Adam is selected as the optimizer, with an initial learning
rate of 0.0001 and a batch size of 8. The physical constraint
weights in multi-scale discriminant loss are set to 0.5
through grid search. The final joint training objective for the
encoder and generator is a weighted sum of the following
components: Adversarial Loss: Weight = 1.0 Disentangle-
ment Loss: Weight = 0.1 Reconstruction Loss: Weight =
10.0 Per-level Physical Constraint Loss: Weight = 2.0 These
hyperparameters were determined via grid search on the
validation set to balance the convergence and performance
of each term. The level L of the cascaded generator is set to
4, and the upsampling multiples for each level are 4, 4, 2,
and 2, respectively. Comparative methods are trained on the
same training set until convergence, and the same validation
set is used for early stopping and hyperparameter tuning to
ensure fairness in comparison. When evaluating, 50 sets of
multimodal condition inputs are randomly selected from the
test set, and corresponding scenarios are generated for each
trained model. All generated results are subjected to unified
quantitative evaluation and visual analysis.

B. CULTURAL SEMANTIC CONSISTENCY IN
GENERATING SCENARIOS
To quantitatively evaluate the accuracy of the generated
scene at the semantic level, the experiment performed fine
semantic segmentation on the scene point cloud and calcu-
lated the intersection to union ratio on key categories. This
analysis aims to verify the learning and control ability of
multimodal conditional coding on cultural semantic features,
and measure whether the layout and composition of the
generated scene conform to the semantic logic of the real
world. The quantitative comparison results of IoU for each
category are shown in Figure 3. Figure 3 presents the IoU
accuracy of r-GAN, SP-GAN, and MC-PAG across five
core semantic categories. The five axes correspond to the
categories of ice and snow structures, natural water bodies,
ice surfaces, snow cover, and vegetation structures. MC-
PAG exhibits the highest IoU value across all categories,
with its polygonal outline closest to the outer edge. In the
most challenging category, "ice and snow structures," MC-
PAG achieves an IoU of 0.845, significantly higher than
SP-GAN’s 0.685 and r-GAN’s 0.512. This advantage is
attributed to the explicitly decoupled cultural semantic latent
space within the MC-PAG framework. This design allows
the model to separate and precisely control the generation
of cultural elements from the input conditions, avoiding
the confusion and omissions in complex cultural features
inherent in general generative models. In the categories of
"natural water bodies" and "ice surfaces," MC-PAG’s IoU is
0.892 and 0.868, respectively. Its physical constraint module
reduces the abnormal generation of water body and ice
surface geometry by enforcing waterfront boundaries and
phase transition laws, thereby improving the accuracy of

IV. RESULTS AND ANALYSIS
A. GEOMETRIC FIDELITY ANALYSIS OF GENERATED
SCENES
To quantitatively evaluate the restoration quality of the 

generated scene in three-dimensional geometric form, this 

section conducted a systematic geometric fidelity analysis of 

the outputs of MC-PAG and various baseline methods. The 

experiment calculates four core indicators, namely chamfer 

distance (CD), volume intersection ratio, Hausdorff distance,
and normal vector consistency, and compares them compre-
hensively from three dimensions: overall error, substructure 

error, and profile geometry, to verify the advantages of the 

method in capturing complex terrain and fine ice and snow 

structures. In the comparison of structural errors, this section 

further subdivides and analyzes key components, summariz-
ing them into four representative dimensions: ice and snow 

cultural structures, coastline natural terrain, conventional 

buildings, and overall scenes. The analysis results are shown 

in Figure 2. The comprehensive analysis in Figure 2 

reveals the overall superiority of the MC-PAG method in 

geometric fidelity. Regarding the overall error (Figure 2a),
MC-PAG’s chamfer distance is 1.37×10-3, a reduction of 

18.5% compared to the second-best SP-GAN+PBD, and 

its Hausdorff distance is 4.12×10-2, a reduction of nearly 

30%. This is attributed to MC-PAG’s cascaded generation 

structure and physical constraint mechanism effectively sup-
pressing outliers and overall deformation in the generated 

point cloud, making the generated surface more closely 

conform to the real geometry. Regarding structural similarity 

(Figure 2b), MC-PAG achieves a volume IoU of 0.842 and a 

normal vector consistency of 0.923, both the highest values.
The embedding of physical constraints makes the normal

field of the generated point cloud more consistent with the 

continuous variation of the real surface, thereby improving 

the rationality of local geometric details. Figure 2c further 

shows that MC-PAG has a CD (Chamfer Distance) error 

of 1.52×10-3 in the most challenging category of "ice 

and snow cultural structures", which is significantly lower 

than other methods. This is due to the explicit separation 

and precise control of cultural semantic features by the 

multimodal encoder, which enables the model to focus on 

the geometric reconstruction of complex artificial structures.
The profile line comparison in Figure 2d intuitively shows 

that the elevation profile generated by MC-PAG matches 

the real terrain undulations best, while the profile lines of 

other methods such as r-GAN show obvious high-frequency 

jitter and systematic shifts, reflecting that unconditional 

generative models are difficult to stably reconstruct the 

terrain features of specific scenes without the guidance of 

multimodal conditions. In summary, MC-PAG has achieved 

high fidelity geometric reconstruction of cold-region wa-
terfront scenes, especially complex ice and snow cultural 

elements, through its multimodal condition encoding and 

physical constraint generation mechanism.

semantic segmentation. Quantitative results demonstrate that
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FIGURE 2. Multi-dimensional comparative analysis of geometric fidelity of generated scenes: (a) Overall geometric error comparison;
(b) Structural similarity comparison; (c) Sub-structure CD error analysis; (d) Profile geometric fidelity comparison.

FIGURE 3. Semantic Segmentation Accuracy Comparison

MC-PAG, by integrating semantic conditions and physical
constraints, achieves high-fidelity and high-consistency se-
mantic generation for cold-region waterfront scenes, espe-
cially those containing cultural semantic elements.

C. PHYSICAL RULE COMPLIANCE IN GENERATING
SCENARIOS
To verify the compliance of the generated scenario with
the geological and physical laws of cold-region waterfront
environments, this section evaluates the physical rationality
of the scenario from three dimensions: static rule violation,
quantification of key interfaces, and dynamic condition
response. The experiment calculated the violation rate of
core physical rules such as gravity stability and waterfront
coherence, quantified indicators such as elevation gradient
and snow slope at the waterfront boundary, and tested the re-
sponse characteristics of the generated results to continuous
changes in temperature conditions. The multidimensional

evaluation results are shown in Figure 4. Figure 4 illustrates
the advantages of MC-PAG in terms of physical rationality.
The data in Figure 4 (a) shows that the average physical
rule violation rate of MC-PAG is the lowest, at 3.37%, and
only 2.8% violates the "gravity and stacking stability" rule.
The embedded microphysics simulator guides the generation
process in a forward constraint manner, directly avoiding a
large number of geometric errors that violate fundamental
mechanical laws. Figure 4 (b) shows that the polygon
formed by MC-PAG on the three normalized indicators
of contact point elevation gradient, ice surface flatness,
and snow slope is closest to the outer circle and most
balanced. The normalized value of the generated contact
point elevation gradient is the highest, which is due to
the physical constraint adversarial training that forces the
elevation continuity at the intersection of water, ice, and
shore, significantly reducing unreasonable steep slopes or
suspensions. Figure 4 (c) shows that when the temperature
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FIGURE 4. Multi-dimensional evaluation of physical rationality of generated scenes: (a) Comparison of violation rates of physical
rules; (b) Key physical indicators; (c) Interpolation response analysis of temperature conditions

conditions are interpolated from -10 ◦C to -2 ◦C, the ice
thickness generated by MC-PAG smoothly decreases from
0.85m to 0.33m, and the snow coverage rate synchronously
decreases from 68.2% to 39.4%, while the physical violation
rate remains stable between 3% and 4%. This interpolation
simulates a gradual seasonal warming trend over weeks
(e.g., from mid-winter to late winter/early spring), where
sustained sub-freezing but rising temperatures can lead to
sublimation, compaction, and reduced snow accumulation,
thereby decreasing the apparent ice thickness (snow-ice
mixture) and coverage. This proves that the decoupled
physical latent space of the model can learn and extrapolate
the continuous mapping relationship between ice and snow
phase transition and temperature, ensuring the rationality
of condition generation. Comprehensive analysis shows that
MC-PAG generates scenes with high physical credibility
through an end-to-end physical constraint embedding mech-
anism, and can make reasonable responses to dynamic
environmental parameters.

D. DESIGN RATIONALITY VERIFICATION OF
GENERATED SCENARIOS: FUNCTIONALITY AND
SPATIAL EXPERIENCE
To verify the spatial functionality of generating scenes that
support actual cultural activities, this section conducted
functional accessibility and spatial configuration analysis
from the perspectives of movement and perception in the
scene. The experiment evaluated traffic efficiency by sim-
ulating path planning in the generated scene, and quantita-
tively analyzed the spatial organization clarity and visual
guidance of the scene using spatial syntax theory. The
comparative results are presented in Figure 5. Figure 5
comprehensively evaluates the practicality of generating
scenarios as design solutions. Figure 5 (a) visualizes a
schematic diagram of a waterfront ice and snow plaza
generated by MC-PAG, where the red path shows the
efficient connection from the main entrance through the core
observation point to the service area, and the blue sector
reveals the good visual control range between key nodes.

This clear spatial structure originates from the precise anal-
ysis of design semantics such as "square" and "streamline"
by multimodal conditional coding, enabling the generator to
layout functional zones that conform to cognitive habits. The
quantitative data in Figure 5 (b) confirms this advantage: the
average path curvature of MC-PAG generated scenes is 0.12,
much lower than the 0.22 of SP-GAN; Its visual integration
is 0.82, which is also higher than the latter’s 0.67. The lower
curvature of the path is an objective metric reflecting that the
physical constraint module eliminates unrealistic obstacles
and extreme terrain, resulting in a navigable and coherent
circulation baseline. This provides a rational foundation for
subsequent detailed design; The higher visual integration is
attributed to the model implicitly learning excellent layout
patterns with strong spatial permeability through adversarial
training. This analysis is grounded in Space Syntax theory,
which links spatial configuration metrics like visual integra-
tion to empirically observed patterns of human movement
and co-presence, thereby providing a theoretical basis for
evaluating spatial experience. Meanwhile, the success rate of
path planning in the MC-PAG scenario is as high as 98.5%,
indicating that its spatial connectivity is more complete.
Quantitative and qualitative analysis jointly demonstrate that
the scenarios generated by MC-PAG are superior to other
baseline methods in supporting efficient traffic and providing
clear spatial perception, and have the potential to directly
serve subsequent deepening designs.

V. CONCLUSION
This article proposes a hybrid framework based on multi-
modal conditional latent space decoupling and physical con-
straint adversarial generation to solve the intelligent design
problems of cold-region waterfront ice and snow cultural
scenes. This method explicitly decouples the geometric,
semantic, and physical attributes of the scene through an
encoder, and embeds differentiable physical simulation con-
straints in the synthesis process using a cascade generator,
supplemented by a multi-scale physical perception discrimi-
nator for adversarial optimization, achieving end-to-end gen-
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FIGURE 5. Comparative analysis of functional accessibility and spatial configuration: (a) Typical scene path and line of sight analysis;
(b) Multi-method quantitative index comparison

eration of high fidelity and high rationality 3D point cloud
scenes from multi-source conditions. The experiment shows
that the framework performs well in key indicators: the IoU
of the ice and snow culture construction object semantic
segmentation generated by the scene reaches 0.845, the
average violation rate of physical rules is as low as 3.37%,
and the average curvature of the functional accessibility
path is as low as 0.12. These data validate the significant
advantages of this method in generating cultural semantic
accuracy, physical rationality, and spatial functionality of
the scene. This study provides a controllable and verifiable
generative design paradigm for the seasonal planning and
digital cultural innovation of cold-region waterfront spaces,
integrating material intelligence and fiber-based structural
systems to achieve a leap from "scene generation" to "design
support." By embedding the physical constraints of technical
into the generative process, the framework ensures that
digital cultural reconstructions are functionally grounded in
the material realities of architecture for extreme climates.
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