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• Sec. 2: Related work.
• Sec. 3: Experimental settings.
• Sec. 4: Details of Hi-GRPO.
• Sec. 5: Ablation study.
• Sec. 6: Additional visualizations.

2. Related Work
2.1. RL for LLM
Advanced LLMs such as OpenAI o3 [14] and DeepSeek-
R1 [7] have demonstrated strong reasoning abilities by
combining Chain-of-Thought (CoT) reasoning with rein-
forcement learning (RL). DeepSeek-R1 introduces rule-
based rewards and GRPO [18], enabling models to con-
duct extensive internal reasoning before producing an an-
swer, with rewards guiding correctness and format compli-
ance. This paradigm has also been extended to multimodal
LLMs [6, 9, 19, 34], where RL is adapted for visual under-
standing by jointly processing images and text for step-by-
step reasoning. These RL-driven approaches have proven
effective across mathematical problem-solving [18, 32] and
code generation [17, 21], establishing RL as a key technique
for eliciting advanced capabilities in large-scale models.

2.2. RL for 2D Generation
RL has also been effectively applied to text-to-image gen-
eration. Image-Generation-CoT [8] first frames progres-
sive image token generation as a reasoning process and
applies DPO [16] accordingly. T2I-R1 [10] extends this
idea by distinguishing two levels of CoT—semantic-level
planning and token-level patch generation—and introduces
BiCoT-GRPO to jointly optimize both using an ensemble
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of vision experts as reward models. Recent work [11, 23]
comparing DPO and GRPO shows that GRPO offers bet-
ter text–image alignment and aesthetic quality through
group-relative policy updates. Together, these studies high-
light that well-designed sequence-level rewards and multi-
dimensional evaluation are essential for producing seman-
tically consistent and visually appealing images in autore-
gressive models. For diffusion models, Dance-GRPO [29]
introduces a stepwise, motion-aware reward that aligns pol-
icy updates with temporal dynamics, enabling more coher-
ent and physically plausible generation. Flow-GRPO [13]
extends GRPO to flow-matching models by coupling policy
optimization with flow objectives, yielding smoother train-
ing and improved stability. These methods show that RL
can effectively enhance controllability and consistency in
diffusion and flow-based generative models.

2.3. Text-to-3D Generation

Text-to-3D generation has progressed from two-stage
pipelines [28, 30] to native diffusion models [3, 27] and,
more recently, autoregressive approaches [2, 20, 31, 33].
Two-stage methods, like Dream3D [28], first generate a
high-quality 3D shape prior from text using a text-to-
image diffusion model and then refine it as a neural radi-
ance field, but this pipeline suffers from error accumula-
tion between stages and limited 3D consistency inherited
from the 2D diffusion backbone. Native diffusion models,
like Trellis [27], leverage structured 3D latent representa-
tions to directly generate high-fidelity 3D content, but their
strong performance comes at the cost of significant com-
putational demands. Autoregressive models alleviate these
limitations by discretizing 3D content into token sequences.
MeshGPT [20] uses decoder-only transformer to model tri-
angle meshes as sequences, and MeshAnything [2] demon-
strates scalable artist-grade mesh generation using autore-
gressive transformers. DeepMesh [33] provides an early at-
tempt to incorporate DPO [16] into autoregressive 3D cre-
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Table 1. Quantitative comparisons using Toys4k for Reward Analysis.

Step 1 Reward Step 2 Reward Metrics

RHPM
1 Runified

1 Rconsist
1 RHPM

2 Runified
2 Rconsist

2 Rpart
2 CLIP Score↑ KDincep↓

- - - ✓ ✓ - - 25.0 0.235
- - - ✓ ✓ ✓ - 25.7 0.223
✓ ✓ - ✓ ✓ ✓ - 27.8 0.194
✓ ✓ ✓ ✓ ✓ ✓ - 28.3 0.182
✓ ✓ - ✓ ✓ ✓ ✓ 28.6 0.178
✓ ✓ ✓ ✓ ✓ ✓ ✓ 29.3 0.156

ation, and LLaMA-Mesh [25] represents 3D OBJ files as
text to unify language and 3D representations. ShapeLLM-
Omni [31] proposes a unified multimodal LLM for 3D gen-
eration and understanding by discretizing 3D shapes into to-
kens with a 3D VQVAE. The model follows a text→voxel
pipeline, where the LLM predicts discrete 3D latent to-
kens that are decoded by the VQVAE into voxel grids,
which are then further converted into meshes using Recti-
fied Flow model [27] for rendering. This design enables
a single LLM to support text-to-3D generation, 3D under-
standing, and editing within one coherent framework. De-
spite these developments, RL training for 3D autoregressive
models remains largely unexplored. In contrast to 2D gen-
eration, where RL has shown clear benefits, 3D generation
introduces additional challenges—greater spatial complex-
ity, stricter global geometry constraints, and fine-grained lo-
cal details—making it more sensitive to reward design and
optimization choices. These factors highlight the need for
systematic RL strategies tailored to text-to-3D generation.

3. Experimental Settings
We employ ShapeLLM-Omni [31] as the base model with
a learning rate of 1 × 10−6, β of 0.01, and group size of
8. Training is conducted on 8 GPUs with a batch size of
1 per device and gradient accumulation over 2 steps. The
model is trained for 1,200 steps. The configurable weight
λ for supervising global planning with final quality is set
to 1.0. Our reward models are deployed via the vLLM
API framework. We select training prompt from Objaverse-
XL [5], HSSD [12], and ABO [4], and evaluate our method
on Toys4K [22].

• Objaverse-XL: Objaverse-XL is one of the largest 3D
object datasets currently available, comprising over 10 mil-
lion 3D objects sourced from diverse platforms including
GitHub, Thingiverse, Sketchfab and Polycam. The dataset
undergoes rigorous deduplication and rendering validation,
covering a range of categories and fine-grained attributes.

• HSSD: HSSD contains 211 high-quality indoor syn-
thetic 3D scenes with approximately 18,656 real-world ob-
ject models, emphasizing indoor layouts, semantic struc-
tures, and object relationships.

• ABO: ABO focuses on real-world household objects
and provide approximately 147,000 product listings, nearly

400,000 catalog images, and about 8,000 3D models with
rich material, geometric, and attribute annotations.

• Toys4K: Toys4K includes approximately 4,000 3D ob-
ject instances spanning around 105 categories, featuring di-
verse categories and significant shape variations.

4. Details of Hi-GRPO
4.1. Two-Step Generation Process
Step 1: The model generates semantic reasoning tokens
si = {si,1, . . . , si,|si|} for global geometric planning, fol-
lowed by 3d tokens ti = {ti,1, . . . , ti,M}, where M is the
number of compressed grids. The coarse triangular mesh
M(1)

i is decoded through the VQVAE decoder.
Step 2: Conditioned on semantic reasoning, the model

generates visual reasoning tokens vi = {vi,1, . . . , vi,|vi|}
focused on local details, followed by 3d tokens oi =

{oi,1, . . . , oi,M}, which are decoded into mesh M(2)
i .

4.2. Hierarchical Reward Ensemble Design
4.2.1. Human Preference Model
We adopt HPS V2.1 [26] in both steps. For generated 3D
objects rendered from 6 uniformly distributed viewpoints
{v1, . . . ,v6}, we compute text-image similarity at each
viewpoint and take the maximum:

RHPM,k
i = max

j=1,...,6
HPS(x,Render(M(k)

i ,vj)) (1)

This reward evaluates human preference with range [0, 1].

4.2.2. Unified Reward Model
Step 1: UnifiedReward Think-qwen-7B [24] evaluates geo-
metric alignment between prompts and coarse shapes. Each
of the 6 viewpoints is scored (1-5), and the maximum is:

Runified,1
i = max

j=1,...,6
fUR-Think(x,Render(M(1)

i ,vj)) (2)

This reward evaluates prompt alignment with range [1, 5].
Step 2: UnifiedReward-2.0-qwen-7b [24] performs

three-dimensional evaluation of textured objects: (1)
prompt alignment (1-5), (2) logical coherence (1-5), (3)
style appeal (1-5). The maximum sum across 6 viewpoints:

Runified,2
i = max

j=1,...,6

∑
ℓ∈Aapp

f
(ℓ)
UR (x,Render(M(2)

i ,vj)) (3)



Table 2. Quantitative comparisons using Toys4k for Different RL Paradigms.

Training Strategy Metrics

GRPO Textual Reasoning Step1 Reward Step2 Reward Hi-GRPO CLIP Score↑ KDincep↓
- - - - - 22.7 0.249
✓ - - - - 24.3 0.237
✓ ✓ - - - 25.2 0.228
✓ ✓ ✓ - - 24.8 0.235
✓ ✓ - ✓ - 26.0 0.214
- - - - ✓ 28.7 0.182

Aapp = {logic, style, align}. This reward evaluates 3 di-
mensions with range [3, 15].

4.2.3. 2D Large Multi-modal Model
Step 1: Qwen2.5-VL-7B [1] verifies whether the generated
shape matches the object category in the prompt based on
joint observation of 6 viewpoints:

Rconsist,1
i = f category

Qwen (x, {Render(M(1)
i ,vj)}6j=1) (4)

This reward evaluates category matching with range {0, 1}.
Step 2: Qwen2.5-VL-7B [1] evaluates three dimensions

of cross-view appearance consistency: (1) color smoothness
(0-1), (2) material realism and coherence (0-1), (3) texture
rationality (0-1):

Rconsist,2
i =

∑
ℓ∈Aapp

f
(ℓ)
Qwen

(
x, {Render(M(2)

i ,vj)}6j=1

)
. (5)

Aapp = {color, material, texture}. This reward evaluates 3
dimensions with range [0, 3].

4.2.4. 3D Large Multi-modal Model
2D LMMs struggle to accurately detect 3D components
from multi-view observations. To obtain accurate compo-
nent completeness assessment, we employ direct evaluation
based on 3D point clouds in step 2.

1) Mesh to Dense Point Cloud Sampling: The refined
triangular mesh M(2)

i = (V(2),F (2), T ) is converted to
dense point cloud Pi. The sampling process:
1. Area-Weighted Sampling: For each triangle face f ∈

F (2), allocate sample points nf = ⌈ρ·Af⌉ based on area
Af , where ρ is the sampling density parameter

2. Barycentric Uniform Sampling: Within face f =
(v1, v2, v3), generate random barycentric coordinates
(α, β, γ) satisfying α + β + γ = 1 and α, β, γ ≥ 0.
Sample point coordinates: p = αv1 + βv2 + γv3

3. Texture Color Sampling: Interpolate UV coordinates
using barycentric coordinates uv = αuv1 + βuv2 +
γuv3, and sample RGB color from texture map T

The result is point cloud Pi = {(pk, ck)}
Np

k=1, where pk ∈
R3 is position, ck ∈ R3 is RGB color.

2) Per-Component Evaluation: Parse prompt x to ex-
tract component list C = {c1, . . . , cNc} and expected quan-
tities {n1, . . . , nNc

}. ShapeLLM [15] processes point cloud
Pi and component queries. For each component cp:

• Existence: ep ∈ {0, 1} determines the existence.
• Completeness: qp ∈ [0, 1] evaluates geometric complete-

ness, shape correctness, and quantity matching
Average scores across Nc components:

Rpart,2
i =

1

Nc

Nc∑
p=1

(ep + qp) (6)

This reward evaluates 2 dimensions per component (ex-
istence + completeness), with averaged range [0, 2].

4.2.5. Dimension-Normalized Reward Ensemble
Each reward is normalized by its number of evaluation di-
mensions to ensure fair contribution:

Step 1 Total Reward:

Rhigh
i = RHPM,1

i +Runified,1
i +Rconsist,1

i (7)

Step 2 Total Reward:

Rlow
i = RHPM,2

i +
Runified,2

i

3
+

Rconsist,2
i

3
+

Rpart,2
i

2
(8)

This normalization strategy ensures: (1) each reward’s
contribution is proportional to its number of evaluation di-
mensions; (2) multi-dimensional evaluations do not domi-
nate through simple summation; (3) the system remains sta-
ble when adding or removing rewards. Rewards from step
2 are backpropagated to step 1 through weight λ:

R̃high
i = Rhigh

i + λ ·Rlow
i (9)

When λ = 1.0, the high-level step is directly supervised by
final output quality. For each step, advantages are normal-
ized within prompt groups to eliminate reward scale differ-
ences across prompts:

A
(1)
i =

R̃high
i − µ

(1)
g

σ
(1)
g + ϵ

, A
(2)
i =

Rlow
i − µ

(2)
g

σ
(2)
g + ϵ

(10)

where µ
(k)
g = 1

G

∑G
j=1 R

(k)
j , σ

(k)
g =√

1
G

∑G
j=1(R

(k)
j − µ

(k)
g )2, ϵ = 10−4.



+GRPO

"Knife with unique 
grooved black 

handle and guard. "

"Brown high-top 
sneaker with black 
stripes, leather, 
padded collar, 

stitched cap, metal 
eyelets, grey sole."

+Reasoning-GRPO +Step1 Reward +Step2 Reward +Hi-GRPOTextual Prompt

Figure 1. Visualization Results of Small Objects for Different RL Paradigms.

4.3. Loss Computation
For each step, we compute token-level log probabilities
by concatenating the log probabilities of reasoning to-
kens and mesh tokens. In step 1, the complete se-
quence log probability concatenates semantic reasoning and
coarse mesh generation: log πθ(y

(1)
i ) = concat(log πθ(si |

x), log πθ(ti | x, si)). In step 2, it concatenates visual
reasoning and refined mesh generation: log πθ(y

(2)
i ) =

concat({log πθ(vi,t | x, si, vi,<t)}|vi|
t=1, {log πθ(oi,t |

x,vi, oi,<t)}Mt=1). Reference policy log probabilities
log πref(y

(k)
i ) are computed similarly.

For stage k ∈ {1, 2}, the complete loss function is:

L(k) = −E
q∼D,{y(k)

i }G
i=1∼πθold

[
1∑G

i=1 T
(k)
i

G∑
i=1

T
(k)
i∑

t=1

m
(k)
i,t

(
min

(
r
(k)
i,t (θ)A

(k)
i , clip(r(k)i,t (θ),

1− εlow, 1 + εhigh)A
(k)
i

)
− β · KL(k)

i,t

)]
(11)

We highlight and describe key components as follows:
• Policy Ratio:

r
(k)
i,t (θ) =

πθ(y
(k)
i,t |y

(k)
i,<t)

πθold(y
(k)
i,t |y

(k)
i,<t)

(12)

• Decoupled Clipping: Asymmetric clipping thresholds
εlow and εhigh. The higher threshold allows low-probability
tokens greater probability increase space, promoting explo-
ration and preventing entropy collapse.

• Token-Level Averaging: The loss is normalized by the
token count

∑G
i=1 T

(k)
i , where T

(k)
i =

∑Tmax

t=1 m
(k)
i,t is the

number of valid tokens and m
(k)
i,t is the completion mask.

• KL Regularization: Token-level KL divergence

KL(k)
i,t =

πref(y
(k)
i,t |y

(k)
i,<t)

πθ(y
(k)
i,t |y

(k)
i,<t)

− log
πref(y

(k)
i,t |y

(k)
i,<t)

πθ(y
(k)
i,t |y

(k)
i,<t)

− 1 (13)

with penalty coefficient β = 0.01 prevents the policy from
deviating too far from the reference. The two steps compute
losses independently. The total optimization objective:

Ltotal = L(1) + L(2) (14)

4.4. Prompt Template for Reward Model
4.4.1. 3D Consistency
In the section 3 of main text, Qwen2.5-VL used for evalu-
ating 3D consistency is driven by the prompt in Figure 11.

4.4.2. Shape Semantic Consistency
In the Hi-GRPO training, during step 1 we use Qwen2.5-
VL-7B to assign a binary (0/1) score evaluating whether the
generated mesh shape matches the category specified in the
prompt. The exact prompt used is shown in Figure 13.



"An hourglass-
shaped violin with 

reddish-brown 
polished wood, two 
F-holes, a bridge, 
scroll, and four 
silver strings."

"Silver-framed 
motorcycle with blue 

body panels, 
hexagonal rims, black 

low-profile tires, 
geometric handlebars, 
yellow headlight, and 

black seat. "

+GRPO +Reasoning-GRPO +Step1 Reward +Step2 Reward +Hi-GRPOTextual Prompt

Figure 2. Visualization Results of Large Objects for Different RL Paradigms.

4.4.3. Appearance Consistency

In the second step, for the refined 3D object, we use
Qwen2.5-VL-7B to evaluate three dimensions of cross-view
appearance consistency: (1) color smoothness (0–1), (2)
material realism and coherence (0–1), and (3) texture ra-
tionality (0–1). The prompt template is shown in Figure 12.

4.4.4. Part Semantic-Visual Consistency

We adopt ShapeLLM-13B to evaluate the existence (binary
0/1) and completeness (0–1) of object parts. Since multi-
view images can easily introduce ambiguities, performing
part detection directly on the 3D point cloud substantially
improves accuracy, especially for complex objects. The
prompt is shown in Figure 14.

5. Ablation Study

5.1. Reward Analysis.

This section investigates reward function selection and
combination for AR3D-R1. Table 1 presents our findings.
We first examine whether Step-2 rewards can simultane-
ously optimize both generation steps. Results show that re-
wards from refined objects struggle to control both coarse
geometry and fine texture effectively. Even with com-
bined rewards (RHPM

2 +Runified
2 +Rconsist

2 ), improvements re-
main marginal. However, introducing step-specific rewards,
adding RHPM

1 +Runified
1 for Step 1, yields substantial gains,

improving CLIP scores by 2.1 point. Notably, component-
level rewards prove critical for ensuring correct part posi-
tioning, quantity, and structural plausibility.

5.2. Effectiveness of Hi-GRPO.
To validate Hi-GRPO, we conduct ablation studies using
the baseline GRPO algorithm. Table 2 presents quantita-
tive results, while Figures 1 and 2 provide extensive vi-
sualizations. We first compare direct 3D token optimiza-
tion against textual reasoning-guided GRPO, both evalu-
ated with HPSV2.1+UnifiedReward+Qwen2.5-VL reward
system. Quantitatively, textual reasoning yields a 0.9-point
CLIP score improvement, while qualitatively it enables ef-
fective global planning for both large and small objects.
We then examine Hi-GRPO’s hierarchical reward ensemble
by separately applying Step-1 and Step-2 reward systems.
Since Step-1 rewards focus on high-level geometric struc-
ture, Table 2 shows performance degradation, with visual-
izations revealing noticeably reduced texture fidelity. Ulti-
mately, the hierarchical RL paradigm of Hi-GRPO, combin-
ing global-to-local generation with step-specific reward en-
sembles, achieves substantial improvements across geome-
try, fine-grained textures, and prompt alignment.

6. Additional Visualizations
Figures 3, 4, 5, 6, and 7 visualize the generation results
of our proposed AR3D-R1, ShapeLLM-Omni, and Trel-
lis across the five categories in our MME-3DR benchmark.
Figures 8, 9, and 10 visualize AR3D-R1’s hierarchical gen-
eration process across different object categories.



AR3D-R1 Trellis ShapeLLM-Omni

"Metallic helmet 
with side ear 

discs and 
textured details."

Textual Prompt

"Dark brown 
wooden rocking 

chair with curved 
armrests and 

spindle backrest. "

Figure 3. Visualization Results of Spatial & Structural Geometry in MME-3DR.

AR3D-R1 Trellis ShapeLLM-Omni

"White 3D model 
of standing 

elephant with 
large ears and 

tusks. "

Textual Prompt

"A deep red rose, 
with smooth 

curled petals on a 
slender green 

stem. "

Figure 4. Visualization Results of Biological & Organic Shapes in MME-3DR.



AR3D-R1 Trellis ShapeLLM-Omni

"Stylized, low-
poly teal frog 
with triangular 
mouth, no eyes, 
and white oval 

markings. "

Textual Prompt

"White oval 
abstract chicken 
with pink eyes, 

light brown beak, 
wavy pink comb, 
brown tail and 
beige feet. "

Figure 5. Visualization Results of Stylized Representations in MME-3DR.

AR3D-R1 Trellis ShapeLLM-Omni

"Electric guitar 
with green 

asymmetrical 
body, white 

pickguard, yellow 
neck. "

"Office chair with 
gray padding, 

curved backrest, 
black framed, five 

legs, adjustable 
height. "

Textual Prompt

Figure 6. Visualization Results of Mechanical Affordances in MME-3DR.



AR3D-R1 Trellis ShapeLLM-Omni

"Low-poly, white 
chess pawn with 

spherical top, disc 
middle, and wide 

base. "

Textual Prompt

“Parrot fish 3D 
object with 

elongated shape, 
multiple fins, and 
color transition 
from yellowish-

orange to white. "

Figure 7. Visualization Results of World-Knowledge Rare Objects in MME-3DR.

AR3D- R1
STEP I"Bright yellow dump bed, red 

cabin, large grey wheels, 
simplified dump truck. "

Textual 
Prompt

Reasoning Process
"The global shape of the dump truck is 
rectangular with a large gray rectangular 
base and a bright yellow frame. The 
cabin is red and sits atop the gray base, 
and there are large wheels in proportion 
to the size of the vehicle. The dump bed 
is wide and deep, designed to hold a 
significant amount of material. "

"The gray color of the base creates a durable 
and sturdy platform for the truck to operate 
on. The bright yellow frame and red cabin 
stand out against the gray backdrop, making it 
easy to spot in traffic. The large wheels, 
proportional to the size of the vehicle, offer 
stability and support to the heavy weight of 
the truck. The dump bed is wide and deep, 
providing ample space to hold a substantial 
amount of material. The dump truck's design is 
simple and streamlined, with clean lines and 
geometric shapes that give it a professional 
and modern look. The overall structure of the 
truck is symmetrical, ensuring balance and 
harmony in its appearance. Consistency in color 
and style creates a cohesive and polished look 
for this industrial vehicle. "

Reasoning Process

AR3D- R1
STEP II

Figure 8. Visualization of the Two-Step Reasoning Generation Process in Cabin.



AR3D- R1
STEP I"All-in-one desktop computer 

with a sleek white stand and 
curved back."

Textual 
Prompt

Reasoning Process
"The all-in-one desktop computer has a 
rectangular shape with a sleek white 
stand and curved back, designed to fit 
comfortably on any desk. The main 
components are arranged in a compact 
and efficient manner, with the monitor 
positioned above the keyboard and 
mouse. "

"The all-in-one desktop computer features a 
rectangular shape that is designed to fit 
comfortably on any desk. The sleek white 
stand and curved back add a touch of elegance 
to the computer's overall appearance. The 
main components are arranged in a compact 
and efficient manner, with the monitor 
positioned above the keyboard and mouse. The 
keyboard and mouse are designed to be 
ergonomic, making typing and navigation a 
breeze.  The overa l l  des ign  emphasizes 
simplicity and ease of use, ensuring that even 
novice users can navigate the system with ease. 
With its sleek and compact design, the all-in-
one desktop computer is an ideal choice for 
both home and office use. "

Reasoning Process

AR3D- R1
STEP II

Figure 9. Visualization of the Two-Step Reasoning Generation Process in Desktop Computer.

AR3D- R1
STEP I"Stylized flower with gradient 

pink petals, yellow stamen, 
bright green stem, and vivid 
leaves. "

Textual 
Prompt

Reasoning Process
"The stylized flower features a gradient 
of pink from the center to the outer 
petals, with a bright yellow stamen at its 
core .  The green stem is  v iv id  and 
contrasts with the petals' softness. The 
arrangement of the petals is symmetric, 
w i t h  t h r e e  l a r g e  c e n t r a l  p e t a l s 
surrounded by smaller ones. The spatial 
proportion of the flower is balanced, 
with the stem erect and the petals 
spreading outward in all directions. "

"To create the stylized flower with gradient 
pink petals, yellow stamen, bright green stem, 
and vivid leaves, first identify the placement 
and size of the center flower part. Then, begin 
drawing the petals in a circular pattern, with 
the gradient pink starting from the outer edge 
and gradually transitioning to the center. 
Ensure that each petal is symmetrical and 
evenly spaced. Next, draw the vivid green stem 
extending downwards from the center, with 
proportional length and width to support the 
flower. Finally, add several leaves, varying in 
size and shape, surrounding the flower to 
provide context and balance. The result will be 
a visually pleasing and harmonious design. "

Reasoning Process

AR3D- R1
STEP II

Figure 10. Visualization of the Two-Step Reasoning Generation Process in Stylized Flower.



You are an expert 3D model evaluator specializing in multi-view consistency assessment.
You are given a text prompt: "{prompt}"

Below are {num_views} rendered views of a generated 3D object from different camera angles.

Your task is to evaluate the 3D model through comprehensive multi-view analysis:

Step 1: Provide a holistic description of the 3D object
Examine all views collectively to describe the complete 3D structure.
Focus on: overall geometry, distinctive features, surface properties (materials/colors), and structural integrity.

Base your description solely on visual observation, independent of the text prompt.

Step 2: Evaluate cross-view spatial consistency across three dimensions:

Dimension 1: Shape Outline Consistency (0-1 score)
- Assess whether the silhouette and overall geometric form remain coherent across different viewpoints
- Check for contradictions in 3D structure when comparing views (e.g., inconsistent proportions, impossible geometry)
- Verify that the shape maintains logical spatial relationships across all perspectives

Dimension 2: Appearance Consistency (0-1 score)
- Evaluate whether colors, textures, and material properties are consistent across views
- Check if surface details (patterns, textures) align properly between different angles
- Assess lighting consistency and whether visual quality is maintained across viewpoints

Dimension 3: Object Parts Consistency (0-1 score)
- Verify that all object components (limbs, features, structural elements) are present and complete across views
- Check whether parts maintain correct spatial relationships and proportions when viewed from different angles
- Identify any missing, duplicated, or incorrectly positioned parts across the multi-view set

Important: The overall 3D consistency score is the sum of the three dimension scores (range: 0-3).

Your response must follow this JSON format:
1. Include four keys: "description", "shape_consistency", "appearance_consistency", "parts_consistency", "total_score

", "explanation"
2. Each consistency dimension should be scored individually (0-1, float allowed)
3. "total_score" = shape_consistency + appearance_consistency + parts_consistency (range: 0-3)
4. "explanation" should justify each dimension’s score with specific observations from the views

Example response:
‘‘‘json
{
"description": "The 3D model depicts a quadrupedal creature with canine characteristics. Across multiple views, the

object shows a head with ears, a torso, four legs, and a tail. The model exhibits brown texturing on its surface
. The overall structure suggests a mammalian body plan.",

"shape_consistency": 0.8,
"appearance_consistency": 0.7,
"parts_consistency": 0.6,
"total_score": 2.1,
"explanation": "Shape Outline Consistency (0.8): The silhouette maintains coherent proportions across most views,

with clear quadrupedal structure. Minor inconsistencies appear in the tail curvature between side and rear views
, preventing a full score. Appearance Consistency (0.7): The brown texture is generally uniform, but lighting
reveals some texture misalignment on the torso when comparing front and side perspectives. The surface quality
varies slightly across views. Parts Consistency (0.6): Major components (head, body, legs, tail) are present in
all views. However, facial features show inconsistency - only one eye is visible in frontal views when two
should be present, and ear positioning shifts unnaturally between angles. The legs maintain reasonable
attachment points. Total score: 0.8 + 0.7 + 0.6 = 2.1"

}
‘‘‘

Figure 11. Prompt Template for 3D Consistency Evaluation using Qwen2.5-VL.



You are tasked with assessing the appearance consistency of a 3D object rendered from multiple viewpoints.

Input:

A text description of the target object: "{prompt}"

A set of {num_views} rendered images representing distinct camera viewpoints.

Your evaluation must rely solely on visual evidence present in the images.

1. Global Appearance Summary

Provide a brief, objective summary of the object visible appearance, including:
- dominant chromatic characteristics
- material qualities (e.g., reflectance, roughness, transparency)
- texture distribution and visual complexity

Do not reference the text prompt.

2. Appearance Consistency Assessment

Quantitatively evaluate the cross-view appearance consistency along three criteria:

(a) Color Smoothness (0--1)
Assess whether chromatic properties remain stable across viewpoints:
- continuity of hue and luminance
- absence of abrupt or implausible color shifts
- overall cross-view chromatic coherence

(b) Material Realism and Coherence (0--1)
Evaluate whether material attributes are physically plausible and stable across views:
- consistent specular/roughness behavior
- stable surface reflectance characteristics
- absence of viewpoint-dependent material changes without physical justification

(c) Texture Rationality (0--1)
Examine whether texture patterns behave logically relative to the object geometry:
- alignment and continuity of texture patterns
- absence of distortion, stretching, or UV inconsistencies
- cross-view stability of fine-grained surface details

3. Output Format

Return a JSON dictionary containing:
- "summary" : global appearance summary
- "color_smoothness" : float in [0,1]
- "material_realism" : float in [0,1]
- "texture_rationality" : float in [0,1]
- "total_score" : sum of the three metrics (range: 0--3)
- "justification" : concise explanation referencing specific visual observations supporting each score

Example JSON Structure:
{
"summary": "",
"color_smoothness": 0.0,
"material_realism": 0.0,
"texture_rationality": 0.0,
"total_score": 0.0,
"justification": ""

}

Figure 12. Complete Prompt Template for Appearance Consistency Evaluation using Qwen2.5-VL.



You are an expert 3D model evaluator. Your task is to verify whether a generated 3D object matches the object
category specified in the text prompt based on joint observation of multiple viewpoints.

Text prompt: "{prompt}"

Step 1: Describe the geometric structure of the object
Examine all views collectively and describe the 3D geometry and shape characteristics you observe. Focus on overall
geometric form, structural shape, spatial proportions, and distinctive geometric features that define the object’s
category.

Step 2: Extract the target category from prompt
Identify the primary object category specified in the text prompt.

Step 3: Verify category matching
Assess whether the observed geometric structure and shape characteristics match the category specified in the prompt.

Output Format:
- If the generated object’s geometry matches the prompted category across all views, respond with: \boxed{1}.
- Otherwise, respond with: \boxed{0}

Only output a single number (0 or 1) inside the box.

Figure 13. Prompt for Category Matching Verification.

You are an expert 3D component analyzer. Your task is to evaluate the presence and completeness of specific object
parts in a generated 3D model using its point cloud representation.

Input:
- Point cloud P with N points
- Required component list: {components_list}
- Expected quantity list: {quantities_list}

Step 1: Part-focused object description
Analyze the point cloud and provide a concise description of the object, with emphasis on identifying visible parts
and their approximate quantities.

Step 2: Required component evaluation
Using both the point cloud and the description from Step 1, evaluate each required component in {components_list}
along two criteria:

2a. Existence (0 or 1):
- Score 1 if the component is present.
- Score 0 if it is entirely missing.

2b. Completeness (0--1):
Assess the geometric completeness of each component:
- Spatial coherence: whether its points form a connected, physically continuous structure.
- Shape plausibility: whether its geometry matches the expected part category.
- Quantity alignment: whether the observed quantity aligns with the expected quantity in {quantities_list}.

Final Output (JSON):
{
"part_description": "...",
"existence_scores": [e_1, e_2, ...],
"completeness_scores": [c_1, c_2, ...],
"component_scores": [e_1 + c_1, e_2 + c_2, ...]

}

Figure 14. Per-component Evaluation Prompt for ShapeLLM.
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