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1. Implementation Details
1.1. Terrain Generation Algorithm
To generate the garden’s terrain, we adopt the genetic al-
gorithm on a 2D grid. We initialize the terrain with a ran-
dom integer from 0 to 3, representing unused area, water
area, land area, and ground area. Roads are selected and
combined from the grid borders, which are scored through
border positions. Roads will be smoothed through spline
curving and choosing the intersection or inflection point as
the start and end of the curve. The CLIP model we used to
evaluate CLIP-Score is openai/clip-vit-base-patch32 [3].

1.2. Hierachical Garden Composition
In the implementation process, we divide the Chain of Aes-
thetic Principles into terrain and structure generation, using
a genetic algorithm. Firstly, the detailed prompts of the Ter-
rain Distribution Agent (AT ) are presented in Figure 6.
Additionally, we also provide the detailed prompts of the
Road Generation Agent (AR) in Figure 7. Based on the
response from LLM, we parse the parameters for 2D genetic
alogrithm to generate terrain and structures. We choose four
types of terrains to simulate the landform of Jiangnan gar-
den: Outside, Waterbody, and Land. Specifically, each ter-
rain is explained as follows:
• Outside areas refer to unoccupied zones and serve to in-

crease spatial diversity and boundary complexity.
• Waterbody areas present the indispensable and symbolic

water area of the Jiangnan garden.
• Land areas represent flat land with natural elements.
• Ground areas are the flat terrain zone, on which the build-

ings, plants, and rocks will be sited.
In each terrain grid cell, we employ an integer number (0-3)
to represent these terrain types.

1.3. Knowledge-embedded Asset Arrangement
To obtain an appropriate garden layout, we decompose the
Garden Configuration into object selection and constraint
setting. We present the detailed prompt used to select ob-
jects for Asset Selection Agent (AS) in Figure 8. Before
requesting LLM, we annotate each area with area informa-
tion. We use the file search tools from OpenAI. After select-
ing the appropriate objects, we also present the Layout Op-
timization Agent (AC) prompt in Figure 9 and Figure 10 ,
enabling the feasible constraints for objects. All constraints
are formalized in a structured representation to ensure inter-
pretability and implementation feasibility:

"area name": {

Algorithm 1 Garden Construction

Require: User input text U , Garden Principles Kglobal, As-
set library Oasset with knowledge Ka

Ensure: Complete garden G = (T,R, (Os, P )
1: T ← AT (U,Kglobal)
2: R← AR(S(T, ei,j), U,Kglobal)
3: Os ← AS(Q((V (Ka), oi), U), Iarea)
4: C ← AC(Q((V (Ka), oi, oj), U))
5: for each position panchor for oanchor do
6: Ptemp ← {panchor}
7: if DFS-Place(Os, oanchor, C, Ptemp) then
8: if Lopt(Ptemp) < Lopt(P ) then
9: P ← Ptemp

10: end if
11: end if
12: end for
13: return G = (T,R, (Os, P ))

"object name": [
["constraint", "type"],
["constraint", "rel object", "type"]

]
}

where the “area name” and “object name” are the target area
and object, the “constraint” is the relationship between ob-
ject and another object with the name of “rel object”, and
the “type” is the constraint type.

1.4. Optimization
We demonstrate the detailed information in Optimization
section. We utilize Depth-First Search (DFS) Solver to opti-
mize object constraints from Garden Configuration inspired
by Yang et al. [5]. To make the balance between time and
quality, we choose to change the area into grid point ac-
cording to the area bounding box and we also remove the
points of the area. The grid points in the area are presented
as the solution for each object position movement. In the
DFS solver, each object is characterized by five variables:
(x, y, l, w, rotation), where: (x, y) represents the 2D co-
ordinates of the object’s center, l and w denote the length
and width of the object’s 2D bounding box. Rotation can
take one of four possible angles: 0, 90, 180, or 270, where
0 is forward positive z-direction. The solver applies soft
constraints, permitting minor violations to facilitate feasi-
ble layout generation. Apart from object constraint, we
also hard constraints are enforced to ensure physically valid



placements: (1) No object collisions, objects must not over-
lap; (2) Area boundaries, objects must stay within the des-
ignated space. If an object violates any hard constraint, it
is rejected from the current layout. We calculate the overall
loss of each objects in validate solution, and select the most
feasible solution with lowest loss after 100 iteration steps.

2. GardenVerse Details
GardenVerse comprises 132 high-quality artistic 3D assets
across three canonical categories: Rock (33), Plant (44),
and Architecture (54), in Figure 1. In Jiangnan gardens,
the combination of plants and rocks stands out as a distinc-
tive feature compared to standalone assets, which creates a
harmonious interplay between organic vitality and enduring
solidity. It includes both individual elements (40.2%) and
pre-composed arrangements (59.8%) of plants and rocks,
enabling flexible retrieval of Jiangnan gardens, in Figure 2.

Figure 1. GardenVerse data examples. The GardenVerse consists
of four types of objects: (a) the Architecture, (b) the Structure, (c)
the Plant, and (d) the Rock. The plant and rock include both single
and combined objects.

{
"name": "object name",
"path": "related path",
"pos": "appropriate position",
"object": "internal object",
"season": "appropriate season",
"description": "knowledge about object",
"minp": "min position",
"maxp": "max position",
"size": "object size"

}

Figure 2. GardenVerse statistics: (a) the object categories propor-
tional distribution; (b) the combined and single objects ratio.

where the text of “description”, “season” and “pos” consti-
tute the asset garden knowledge to guide the asset selection
and garden layout optimization.

3. Experiments

We conducted the ablation study in Figure 4(a). The base-
line method has worse visual quality than other methods
with GardenVerse. The methods with terrain loss and ex-
plorative road scoring function have water-centric terrain
and reasonable pathway. Furthermore, we evaluate the di-
versity of GardenDesigner. In Figure 4(b), we input the
same prompt and evaluate the diversity of GardenDesigner
to generate different Jiangnan gar- dens. In Figure 4(c), we
evaluate the object layout diversity through maintaining the
same prompt, terrain, and structure layout.

Table 1 shows that the comparison with natural scene
generator Infinigen [4], rule-based SceneX [6], diffusion-
based NuiScene [1], and PCG method without chain of
agents. GardenDesigner outperforms others on all consis-
tency and aesthetic metrics, validating the effectiveness.
Based on the performance of baseline and PCG meth-
ods, both LLM-based reasoning and procedural engineering
contribute to the improvement.

Table 1. Quantitative comparison with different methods.

Method CLIP-S ↑ CLIP-A ↑ VLM-S ↑ QA-Quality↑

Infinigen 18.1 51.6 6.3 24.9
SceneX 23.1 53.1 5.5 37.6
NuiScene 25.6 53.7 10.3 46.3
PCG 27.4 53.9 28.9 51.2
Ours 27.6 54.2 32.5 53.8

We conduct additional loss ablation study to better un-
derstand the contribution of different losses. Table 2 shows
that all losses will affect the garden structure complexity
and visual quality, while global and distance losses con-
tribute significantly to visual quality in VLM-S and QA-
Quality. The weights for loss components are defined by
their contribution to the final performance.



Figure 3. GardenVerse dataset. GardenVerse includes a collection of diverse 3D objects specially designed for Jiangnan gardens, and we
show object examples from the dataset. GardenVerse encompasses four distinct object categories: architecture, plant, and rock, containing
single objects and combination asset forms.

Table 2. Ablation study results on optimization losses.

Method FD VLM-S ↑ QA-Quality ↑

w/o Lglo 1.39 31.8 48.9
w/o Lpos 1.38 32.2 50.9
w/o Ldis 1.38 31.9 48.6
w/o Lali 1.40 32.3 49.6
w/o Lrot 1.36 32.3 50.3
Ours 1.36 32.5 53.8

4. Human Evaluation Details
4.1. Human Evaluation Setup
We also invite 11 garden experts and 32 non-expert vol-
unteers to evaluate the aesthetic quality of the generated
Jiangnan gardens in Figure 5. We prepared 20 Jiangnan
gardens for human evaluation, comprising five types of gar-
den: (1) Normal, (2) Hydric, (3) Floral, (4)Arch-dense , and
(5) Mazy. We ask the volunteers to choose which Jiang-
nan garden is better based on four perspectives: (1) Over-
all Quality: which method has the best overall quality?
(2) Text Relevance: Which method has the highest align-
ment with the text? (3) Spatial Layout: Which method
achieves the most accurate terrain and object layout? (4)
Cultural Atmosphere: Which method best captures the
cultural essence of Jiangnan gardens? For experts, we add
more detailed questions. For Spatial Layout, we add two
questions: (1) Which method results in the most reason-

able and natural terrain layout? (2) Which approach pro-
vides the most logical and organic arrangement for vege-
tation and structures?. For Cultural Atmosphere, we also
add two questions: (1) Which method best aligns with the
design principles of Jiangnan gardens? (2) Which method
best captures the poetic essence and philosophical depth of
Jiangnan gardens?

4.2. Human Evaluation Results

Humans prefer GardenDesigner over baseline. Humans
prefer the gardens generated from GardenDesigner com-
pared to other methods, with a majority of selection, espe-
cially Cultural Atmosphere (49% General Users, 59% Ex-
perts). Overall Quality (49% General Users, 58% Experts),
Text Relevance (49% General Users, 64% Experts), Spa-
tial Layout (45% General Users, 57% Experts) and Cultural
Atmosphere (49% General Users, 59% Experts).

GardenVerse promote the whole garden quality. The
baseline method receives few selection compared to other
methods adopted with GardenVerse. The selection ratios for
all the question in General Users and Experts are all under
10%. On the contrary, the baseline method gets more pref-
erence using the GardenVerse datasets, especially among
General Users. It gets 22% more selection ratio than the
baseline method [2], validating the effects of GardenVerse.

Layout with aesthetic rules gets more preference. We
also conducted an ablation study about Garden Configura-
tion. We modify GardenDesigner by removing the Garden



Configuration module. Although two scenes have the same
terrain and structure layout, the Humans prefer GardenDe-
signer more, indicating that Garden Configuration plays a
significant role in determining scene quality.

5. Applications
To visualize the garden, we provide the plugin in Unity,
where the user can edit and interact in real time. The output
of GardenDesigner are stored as files containing all nec-
essary information: the height map for terrain generation,
textures to distinguish different terrains, and object infor-
mation in json format, in which all of these constructs the
Jiangnan Garden. We also develop Unity plug-in is devel-
oped to parse these files and convert them into terrain and
objects. Additionally, we also provide the terrain adjust-
ment tool to modify the terrain boundary and output the
structure map to assist garden design and building.
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Figure 4. Qualitative results. (a) We conduct the ablation study to compare the different methods for garden construction with same user
input, and the view from left to right is front view, right view and top view. (b) We input the same user instruction to evaluate the generation
diversity of GardenDesigner. (c) We also input the same user instruction and keep the same terrain to generate different gardens.
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(1) Overall Quality: which method has the best overall quality?

(2) Text Relevance: Which method has the highest alignment with the text?

(3) Spatial Layout: Which method achieves the most accurate terrain and object layout?

(4) Cultural Atmosphere: Which method best captures the cultural essence of Jiangnan gardens?

Questions:

(1) Overall Quality: which method has the best overall quality?

(2) Text Relevance: Which method has the highest alignment with the text?

(3) Spatial Layout 1: Which method achieves the most accurate terrain and object layout?

(4) Spatial Layout 2: Which method results in the most reasonable and natural terrain layout?

(5) Cultural Atmosphere 1: Which method best aligns with the design principles of Jiangnan gardens?

(6) Cultural Atmosphere 2: Which method best aligns with the design principles of Jiangnan gardens?
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Figure 5. Questionnaire Survey. We conducted human evaluation with experts and no-experts. (a) In non-expert questionnaire, we provide
four questions from overall quality, text relevance, spatial layout, and cultural atmosphere for volunteers to answer. And we provide five
types of generated Jiangan gardens from four different methods. (b) We refine the question about sptatial layout and cultural atmosphere.



Figure 6. Prompts for the terrain generation agent.



Figure 7. Prompts for the road generation agent.



Figure 8. Prompts for the asset selection agent.



Figure 9. First part of prompts for the layout optimization agent.



Figure 10. Second part of prompts for the layout optimization agent.
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