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Abstract

3D generation and reconstruction techniques have been
widely used in computer games, film, and other content cre-
ation areas. As the application grows, there is a growing de-
mand for 3D shapes that look truly realistic. Traditional eval-
uation methods rely on a ground truth to measure mesh fi-
delity. However, in many practical cases, a shape’s realism
does not depend on having a ground truth reference. In this
work, we propose a Shape-Realism Alignment Metric that
leverages a large language model (LLM) as a bridge between
mesh shape information and realism evaluation. To achieve
this, we adopt a mesh encoding approach that converts 3D
shapes into the language token space. A dedicated realism
decoder is designed to align the language model’s output
with human perception of realism. Additionally, we intro-
duce a new dataset, RealismGrading, which provides human-
annotated realism scores without the need for ground truth
shapes. Our dataset includes shapes generated by 16 different
algorithms on over a dozen objects, making it more repre-
sentative of practical 3D shape distributions. We validate our
metric performance and generalizability through k-fold cross-
validation across different objects. Experimental results show
that our metric correlates well with human perceptions and
outperforms existing methods, and has good generalizability.

Introduction

3D generation and reconstruction technologies are widely
used in computer games, film and television production, and
many emerging content creation applications. There is an
increasing demand for 3D shapes that appear genuinely re-
alistic to the human eye. Therefore, it is crucial to develop
an evaluation metric aligned with human perception to as-
sess the realism of 3D shapes, guiding the creation of more
lifelike 3D shapes and contents.

Previous works, such as (Luan et al. 2024), have mainly
focused on evaluating mesh fidelity. As shown in Fig. 1,
these evaluations (shown on the left) require a ground truth
as a reference. However, in many practical applications, a
shape’s realism does not necessarily depend on a ground
truth. For instance, people typically consider a reconstructed
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animal as lacking realism. In many 3D generation applica-
tions, assessing the realism of a generated shape without re-
lying on a ground truth reference is a common challenge, yet
previous works have not adequately addressed this issue.
To overcome the dependence on ground truth for mesh re-
alism evaluation, we design a metric that takes only the 3D
shape as input. As shown in Fig. 1 right half, although re-
alism can exist independently of a ground truth, capturing
such information without it is challenging. Full-reference
metrics, such as (Luan et al. 2024), measure fidelity by com-
paring the input shape with a ground truth. In contrast, a
no-reference realism metric needs to understand the shape
by itself at a detailed and semantic level. In full-reference
approaches, the magnitude of the difference between two
shapes is inversely related to fidelity, making the mapping
more regular and easier to train. However, in no-reference
metrics, the scale (or magnitude) of a mesh does not explic-
itly correlate with its realism, so the metric must instead cap-
ture the high-level semantic properties of the shape. Here,
we refer “no reference fidelity” as “realism” since fidelity is
typically based on comparisons while realism is not.

We propose to use a large language model (LLM) as a
bridge to provide alignment between mesh shape and real-
ism. LLMs have rich high-level knowledge priors and rea-
soning capabilities; a well-trained language model can pro-
vide the reasoning and knowledge priors needed for our met-
ric to map from shape to realism. If we can align 3D shape
information at the input side to the language model, and map
the language model’s output to realism at the output side, we
can achieve better alignment from shape to realism. Through
this alignment, we can evaluate shape realism without need-
ing a ground truth shape reference.

We name our proposed metric Shape-Realism Alignment
Metric (SRAM). To align mesh shape information with the
language model input, we adopt the mesh encoding ap-
proach from (Yu et al. 2022) to encode mesh shapes into the
language token space. We also design a realism decoder to
align the language model’s output with human perception of
realism. Additionally, to provide the network with training
data that includes human-annotated realism scores, we in-
troduce a human-annotated dataset named RealismGrading.
Unlike previous datasets such as (Nehmé et al. 2023), our
dataset’s scoring is based on the shape itself without requir-
ing ground truth references. More importantly, the meshes in
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Figure 1: Full reference 3D shape evaluation vs. no reference 3D shape evaluation. Left: Traditional metrics require ground
truth references to evaluate the fidelity of 3D shapes. Right: Our metric can evaluate 3D shape realism without a reference. In
this paper, we refer “no reference fidelity” as “realism” since fidelity is typically based on comparisons while realism is not.

our dataset are based on real reconstruction and generation
algorithms rather than synthetic ones, making this dataset
better reflect the distribution of shapes in real-world 3D
reconstruction and generation. RealismGrading comprises
over a dozen objects, and for each object, we have 9-16
distortion shapes generated by a set of real-world recon-
struction and generation algorithms. Furthermore, we ob-
tained realism annotations for these distortion shapes from
hundreds of human subjects. In our experiments, we vali-
date our metric’s performance and generalizability through
k-fold cross-validation across different objects.
In summary, our contributions are as follows:
* We propose a metric for evaluating shape realism that
does not require a ground truth mesh as a reference, en-
abling a no-reference assessment of a mesh’s realism.

* We design a language-model-based Shape-Realism
alignment pipeline. This pipeline can leverage the lan-
guage model as a bridge to align the shape feature space
with realism feature space, so that the metric can evaluate
realism based only on 3D mesh shape without a ground
truth mesh shape reference.

e We introduce the RealismGrading dataset, which pro-
vides human-annotated training data for our no-reference
metric. In our dataset, annotations focus solely on the
shape itself, without any comparison to a ground truth.
Additionally, the meshes are produced by real recon-
struction and generation algorithms rather than being
synthetic.

Our experiments demonstrate that our SRAM metric cor-
relates more closely with human perceptions of realism than
existing state-of-the-art metrics.

Related Work

3D shape metrics in 3D generation & reconstruction.
Evaluating 3D shape quality is challenging due to a mis-
match between geometric metrics and human perception.
Euclidean distance such as Chamfer Distance (CD) (Borge-
fors 1984; Luan et al. 2021, 2023; Zhao et al. 2025; Luan
et al. 2025; Gong et al. 2023; Wu et al. 2024; Song
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et al. 2022; Zhang et al. 2021), IoU(Hu et al. 2021; Chen
et al. 2021; Nie et al. 2020; Henderson and Ferrari 2018;
Tang et al. 2022; Santhanam, Doiphode, and Shi 2023),
F-score (Wang et al. 2018; Genova et al. 2020; Bechtold
etal. 2021), and UHD (Wu et al. 2020) emphasize geometry
but miss semantic and structural cues. For generative mod-
els, distribution-level metrics like MMD (Achlioptas et al.
2018), JSD (Kullback and Leibler 1951), TMD (Wu et al.
2020), SCEU (Wang et al. 2022b), and FPD (Shu, Park, and
Kwon 2019) assess set-level quality, not individual fidelity.
A parallel research has focused on evaluating shape qual-
ity in the context of 3D mesh compression and watermark-
ing applications. Works such as (Wang et al. 2010; Bulbul
et al. 2011; Lavoué 2009; Corsini et al. 2013). Our work ad-
dresses this gap by introducing a perceptually aligned metric
for evaluating single 3D shapes.

Perceptual quality assessment for 3D shapes. To
overcome the limitations of geometric metrics, recent
works (Sarvestani, Tang, and Wang 2025; Yang et al. 2023,
2024; Cui et al. 2024; Nehmé et al. 2020, 2023) pro-
pose perceptual quality metrics using deep learning. Hy-
bridMQA (Sarvestani, Tang, and Wang 2025) fuses multiple
modalities, while TSMD (Yang et al. 2023), TDMD (Yang
et al. 2024), and SJTU-PQA (Cui et al. 2024) incorporate
texture cues for textured mesh evaluation. However, these
full-reference methods rely on ground truth and focus on
surface appearance, limiting applicability to textureless or
real-world data. Moreover, they are trained on synthetic dis-
tortions, unlike real-world artifacts. In contrast, our method
requires no reference, targets geometry-only evaluation, and
learns from authentic distortions in practical 3D tasks.

Method
Problem Formulation

We formulate the problem of defining a realism metric as
follows. Given an input mesh x, we design metric function
F(-), whose output is the realism of the mesh, i.e.,

s = F(x;0), (1)
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where F(x;0) is a neural network, and 6 is the learnable
parameters of the network.

In the following sections, we will introduce how we de-
sign the metric F'(z;6) and how we train it. Overall, our
training process can be expressed as:

meinﬁ(F(w;G) —Yz), 2

where y is the human annotation of mesh shape input x.

Shape-Realism Alignment Metric

We show our pipeline design in Fig. 2. Our metric can take
a mesh shape as input and measure its realism without a
ground truth mesh shape reference. It uses an LLM as a
bridge to achieve alignment from 3D shape to realism score.
Specifically, the input of the language bridge consists of
three parts. The first part is the system prompt, which estab-
lishes a context for the language model. The second part is
the shape tokens, where we use a PointNet-based 3D shape
encoder to encode a 3D mesh into tokens. The third part
is the realism prompt. This input helps elicit our language
model’s ability to reason about realism of meshes.

In the output part of our model, we use a token-based real-
ism decoder to regress realism scores. This way, we achieve
alignment from mesh shape to realism score, thereby evalu-
ating mesh shape realism without depending on ground truth
mesh references. In the remainder of this subsection, we in-
troduce the design of each module of our Shape-Realism
Alignment Metric (SRAM).

System prompt. In the context of LLM, the system
prompt primarily provides high-level context to the pre-
trained language model. It may also constrain and guide the
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language model’s behavior. In our metric design, we set the
system prompt as a user/assistant Q&A model. We follow
(Xu et al. 2024b)’s system prompt to prepare the language
model system with overall contextual information.

Shape encoder. The shape encoder extracts shape fea-
tures. Considering the diversity of our input shapes and the
limitations of our human-annotated 3D shape realism data in
terms of shape variety, we need a 3D shape encoding model
with good context to meet our generalization requirements
for shape variety. Therefore, we consider using a large shape
dataset pretrained model for this module. We follow the de-
sign in Point-BERT (Yu et al. 2022). Here, we treat the ver-
tex of the input mesh shape as a point cloud. Point-BERT’s
structure can establish good alignment from point clouds to
text tokens through the approach of point cloud masking.
Point-BERT provides pretrained models on ScanObjectNN
(Uy et al. 2019) and ShapeNet (Chang et al. 2015). We can
leverage the shape priors inherent in these pretrained models
to benefit our shape realism evaluation.

Realism prompt. The realism prompt is the core prompt
for using LLLM for realism evaluation. Here, we need to de-
sign a prompt that can better elicit the LLM’s abilities and
prior knowledge to benefit our shape evaluation. We exper-
iment with multiple possible prompts to find the most suit-
able one for our task. Note the realism prompt only provides
an initial LLM prior for our metric. Our final realism eval-
uation does not completely rely on this prompt. During the
training phase, we also rely on finetuning to optimize our
model, enabling it to better learn the human realism annota-
tions provided in our dataset, thereby better evaluating shape
realism.

Large language model bridge. The LLM bridge is a crit-
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Table 1: A list of the dataset and the 3D reconstruction/generation method we used. v* indicates that the corresponding method
was employed to generate the mesh for that object category. (Part 1)

ical part in aligning shape information to realism informa-
tion. Our model’s high-level knowledge and reasoning abil-
ities primarily depend on this part. We choose to initial-
ize our LLM bridge with corresponding components from
PointLLM (Xu et al. 2024b), a strong 3D LLM pre-trained
using hundreds of thousands of 3D objects. The 3D LLM
learns to understand semantics and details of 3D shapes dur-
ing its training process. Such capability is crucial for realism
evaluation. Our metric can utilize these capabilities along
with appropriate finetuning to achieve better alignment be-
tween shape and realism.

Realism decoder. The realism decoder is another key ele-
ment in our metric design. We need to align text tokens with
realism scores using this decoder. Considering the LLM’s
strong expressive capability and excellent pretraining, and
the fact that our output score is only one-dimensional, we
can incorporate a major part of the decoder function through
fine-tuning the LLM itself. This design allows the LLM’s
output to already have a good realism representation, rather
than placing the main alignment functionality on the de-
coder. This design can save the number of parameters of the
decoder and better utilize the LLM’s pretraining. Therefore,
we are able to design our decoder in a simple form of an
MLP. We aim to only summarize the realism score through
the decoder and backpropagate regression gradients through
the decoder during training, working with the LLM fine-
tuning to achieve better text-to-realism alignment. Our ex-
periments show that our simplified design can achieve good
alignment with human perception.

Training Process

Based on the pre-trained shape encoder and LLM bridge,
we design an end-to-end training procedure. First, to lever-
age the prior knowledge on shapes and language in the shape
encoder and LLM bridge, we initially adopt the pre-training
model from (Yu et al. 2022) and (Touvron et al. 2023) for
shape and language, respectively. Then, we randomly initial-
ize the realism decoder. During training, the shape encoder
is frozen while we simultaneously train the realism encoder
and finetune the LLM bridge. This training strategy allows
for better adaptation between the LLM and the realism de-
coder, enabling alignment from language tokens to realism
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scores through the light-weighted decoder.

Training Loss. Unlike the traditional LLM token classi-
fication loss, we employ a [ regression loss for the realism
decoder. This design allows the network to learn continuous
realism scoring information from human annotations. Our
loss function is defined as follows:

L=[F(z) = yall2, )

where z is the input mesh shape, ¥, is the realism human
annotation of input z, F'(+) is our metric network, and || - ||
is the [ loss.

RealismGrading Dataset Design

We present a human-annotated dataset designed to capture
the distortions introduced by real-world 3D reconstruction
and generative methods. Our RealismGrading dataset in-
cludes human annotations that evaluate the mesh shapes
without ground truth reference, and it consists of meshes
from real-world 3D reconstruction and generation methods.
Our benchmark dataset construction involves three main
stages: data generation, annotation, and evaluation.

Data Generation

We begin by selecting 16 image/object pairs sourced from
various datasets (Yu et al. 2021; Wang et al. 2022a; Zhu
et al. 2023; Yang et al. 2020; 3D 2025; Renderbot 2025;
Downs et al. 2022; Sketchfab 2025; CGTrader 2025). For
each pair, the input image is processed through 16 differ-
ent algorithms to create distorted 3D meshes, while the as-
sociated object acts as the ground truth. The bject list are
as follow: 01-Dog (Renderbot 2025), 02-Fish (3D 2025),
03-Female Face (Zhu et al. 2023; Yang et al. 2020), 04-
Male Face (Wang et al. 2022a), 05-Female Human Body
A (Yu et al. 2021), 06-Female Human Body B (Yu et al.
2021), 07-Hand w/ Arm (3D 2025), 08-Hand w/o Arm (3D
2025), 09-Male Human Body A (Yu et al. 2021), 10-Male
Human Body B (Yu et al. 2021),11-Keyboard (Downs et al.
2022), 12-Building (Jensen et al. 2014), 13-Bus (3D 2025),
14-Mug (Downs et al. 2022), 15-Plant (Sketchfab 2025),
and 16-Shoe (Downs et al. 2022), and the distortion algo-
rithms are: CRM (Wang et al. 2024), DreamGaussian (Tang
et al. 2023), InstantMesh (Xu et al. 2024a), LGM (Tang



Object Number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 | Overall

PLCC NR-3DQA (Zhang et al. 2022) | 0.47 0.70 0.59 0.70 0.18 0.51 0.60 0.76 041 051 082 055 0.61 041 034 074 | 0.555
Ours 087 031 088 0.65 09 094 039 069 082 085 076 038 046 067 0.81 0.64 | 0.689

SROCC Point-based 048 0.51 087 057 035 062 047 043 056 038 095 052 084 075 049 0.68 | 0.591
Ours 092 044 088 0.61 074 088 039 07 08 09 089 062 025 051 09 066 | 0.696

KROCC Point-based 031 040 072 039 037 044 035 031 042 018 0.85 039 071 056 033 053] 0454
Ours 078 037 076 046 057 073 033 06 067 072 07 056 013 04 073 0.54 | 0.565

Table 2: We quantitatively compare our metric with an ad-hoc baseline using 3 correlation evaluations: PLCC (Pearson 1920),
SROCC (Spearman 1910), and KROCC (Kendall 1938), which are defined in Sec. Evaluation Methods. Number 1-16 indicates
the object index (aligns with object number in Tab. 1). Bold numbers indicate the best performance.

Datasets ShapeGrading | RealismGrading
Number of objects 12 16

Mesh shape types Synthetic Real-world
Number of shape distortion types 7 16

Needs ground truth for annotation Yes No
Scoring range [0, 6] [0,1]
Scoring 95% confidence interval 0.303 0.077

Table 3: We compare our dataset with ShapeGrading (Luan
et al. 2024). Our datasets do not use ground truth reference
for human annotation, and the mesh shape in our dataset
comes from real-world 3D reconstruction and generation
methods.

et al. 2024), One2345 (Liu et al. 2023), One2345pp (Liu
et al. 2024), PeRFlowText (Yan et al. 2024), ShapE (Jun and
Nichol 2023). ShapEText (Jun and Nichol 2023), Splatter-
Image (Szymanowicz, Rupprecht, and Vedaldi 2024), Tri-
poSR (Tochilkin et al. 2024), ECON (Xiu et al. 2023),
ICON (Xiu et al. 2022), PiFU (Saito et al. 2019), Pi-
FUHD (Saito et al. 2020), and HaMeR (Pavlakos et al.
2024). For text-driven models, we first generate descriptive
prompts using an image captioning technique and then use
these prompts to produce the meshes. In Tab. 1, we provide
a complete list of the dataset and 3D reconstruction/genera-
tion method we used.

Annotation Process

To obtain reliable distortion scores, we adopt a pairwise
comparison method inspired by (Ponomarenko et al. 2009)
and (Luan et al. 2024). Each human evaluator compares 9-16
meshes of a specific object category with a given mesh ma-
terial through 6 rounds of Swiss-system pairwise compar-
isons. Specifically, for each round, if the evaluator believes
A mesh is more realistic than B mesh, then A mesh scores
1 in this round, and B mesh scores 0 in this round. Note
that, in this process, the ground truth mesh is not shown to
the human evaluators. After all 6 rounds, a mesh earns a
score from 0 (losing every comparison) to 6 (winning every
comparison). We gathered ratings from 319 subjects and got
a total of 5,223 scores. These raw scores are then normal-
ized to a [0, 1] range. The overall reliability of the dataset
is confirmed by an average 95% confidence interval of ap-
proximately 5%, computed with oz = 29950/ V/N (with
20.95 ~ 1.96).

In Tab. 3, we compare our dataset with the synthetic
dataset presented in (Luan et al. 2024). Our datasets do not
use ground truth reference for human annotation, and the
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mesh shape in our dataset comes from real-world 3D recon-
struction and generation methods. We also visualize exam-
ples along with annotation scores in our dataset in Fig. 3. We
observe that the annotated realism score rises as the realism
of a mesh shape increases.

Evaluation Methods

To measure how closely our metric aligns with human per-
ception, we employ three correlation coefficients. Pearson’s
linear correlation coefficient (PLCC) (Pearson 1920) quan-
tifies the linear relationship between our metric and human
ratings. PLCC can be represented as:

n

D )(si — 3)
i1 (8 =82/ 2 (50 — 5)?

where §; and s; are the input mesh and ground-truth realism
scores of the sample 7, respectively, and n is the data sample
number. § = 23" g, and 5 = L 3" | s; are the mean
realism prediction and ground truth realism scores.

Additionally, Spearman’s ranking order correlation
(SROCC) (Spearman 1910) is also used to measure the rank-
ing order correlation between the shape realism metric and
human annotation. SROCC is denoted as:

_ 63 (R(8) — R(s))?
n(n? —1) ’

S; — S

; “4)

rs =1 &)

where R($;) and R(s;) are the rankings of §; and s;. n de-
notes. n is the data sample number.

Finally, we use Kendall’s rank order correlation coeffi-
cient (KROCC) (Kendall 1938) as an alternative way to mea-
sure ranking order correlation. Unlike SROCC, which con-
siders the magnitude of rank differences, this metric focuses
solely on the relative ordering of ranks. KROCC can be rep-
resented as:

Z sign(s; — 8;)) sign(s; — s;), (6)

1 2
T = _—
2 _
n(n? —1) =

where sign(-) is the sign function:

1, x>0
sign(z) =¢ -1, <0
0, z=0

Note that each coefficient ranges from -1 to 1, with higher
values indicating a stronger correlation.
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Figure 4: The point-cloud-based ad-hoc baseline design.
This baseline employs PointNet (Qi et al. 2017) to extract
shape features, which are then fed into the same realism de-
coder to produce a realism evaluation score.

Experiments
Implementation Details

Following (Xu et al. 2024b), we adopt PointBert (Yu et al.
2022) as our shape encoder. The maximum number of ver-
tices of a mesh is set to be 8192. If there are more than
8192 vertices in a mesh, we use the farthest point sampling
method to select 8192 vertices. The LLM bridge is initial-
ized with corresponding components of PointLLM (Xu et al.
2024b). We adopt AdamW (Loshchilov and Hutter 2017) as
our optimizer. The learning rate is set to be 2 x 1074, We
train for 3 epochs and set the batch size to 12.

Evaluation on RealismGrading Dataset

We evaluate the alignment between our metric and human
annotations using the three evaluation methods described
in Sec. Evaluation Methods. The results are summarized in
Tab. 2.

For comparison, we propose an ad-hoc baseline which
is based on PointNet. As illustrated in Fig. 4, this baseline
extracts shape features with PointNet (Qi et al. 2017). The
shape features are then fed into the same realism decoder to
generate a realism score.

As shown in Tab. 2, our metric demonstrates better align-
ment with human perception than the baseline. Our metric
achieves PLCC of 0.69, SROCC of 0.70, and KROCC of
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Method PLCC 1 | SROCC 1 | KROCC 1
r=2 0.608 0.626 0.518
r=4 0.656 0.639 0.514
LoRA T g 0.550 | 0.564 0.441
=16 0.524 0.512 0.401
Prefix Tuning 0.081 0.066 0.039
Full Finetune (Ours) 0.689 0.696 0.566

Table 4: Ablation Studies on finetuning methods. We com-
pare three different methods, including two parameter-
efficient finetuning methods, i.e., LoRA and prefix tuning,
and full finetuning. We also explore how the performance
changes with different LoRA ranks (denoted as “r”). The re-
sults show that full fine-tuning achieves better k-fold valida-
tion results and good generalizability than the two-parameter
efficient finetuning methods.

0.57. In addition, PLCC, SROCC, and KROCC of our met-
ric are 0.13, 0.11, and 0.11 higher than those of the baseline,
respectively. These numbers not only show that our met-
ric is well aligned with human annotations, but also show
that our method more faithfully reflects human perception
of realism than the baseline. This illustrates the effectiveness
of our LLM bridge in evaluating the realism of various 3D
shapes and its generalization ability across different types of
3D shapes.

Experiment Results

Full finetuning or parameter efficient finetuning. We ex-
plore whether parameter-efficient finetuning methods, e.g.,
LoRA, prefix tuning, could lead to better performance. In
Tab. 4, we compare three different finetuning methods:
LoRA, prefix tuning, and full finetuning. We can see from
the results that prefix tuning leads to poor performance.
There is very little correlation between realism scores pro-
duced by the model trained via prefix tuning and human an-



notations. In addition, LoRA with ranks of 2 and 4 performs
better than larger ranks of 8 and 16, with rank 4 achieving the
best performance PLCC (0.656) and SROCC (0.639). How-
ever, full finetuning outperforms all LoRA settings across all
three metrics. These results show that while LoRA and pre-
fix tuning offer parameter efficiency, finetuning all parame-
ters of the LLM bridge is more beneficial for our 3D realism
evaluation task.

Method PLCC 1 | SROCC 1 | KROCC t
Generation 0.245 0.250 0.217
Regression (Ours) 0.689 0.696 0.566

Table 5: Ablation study on realism score generation meth-
ods. We compare two methods: “Generation” and
“Regression”. For “Generation”, we train the model
to predict text tokens corresponding to quantized integer re-
alism scores. For “Regression”, we adopt the realism de-
coder to regress realism scores.

Prompt PLCC 1 | SROCC 1 | KROCC t
W/ obj name 0.567 0.559 0.443
'W/o obj name (Ours) 0.689 0.696 0.566

Table 6: Ablation study on prompt. We investigate whether
including the object name in realism prompt helps our met-
ric achieve better performance. If object name is included
in the realism prompt “Evaluate the quality
of this point cloud object and provide

your rating...”, we replace "object” with an
object name, e.g., “dog”. Otherwise, we keep the original
realism prompt. These two prompts are denoted as “W/

obj name” and “W/o obj name (Ours)”, respectively.

Realism score: generation or regression. We investi-
gate how the realism score should be produced. Specif-
ically, we compare two methods: “Generation” and
“Regression”. For “Generation”, we train the model
to predict text tokens corresponding to quantized integer
realism scores (more details can be found in our supple-
mentary materials). For “Regression”, we adopt the re-
alism decoder introduced in Sec. Shape-Realism Alignment
Metric to regress realism scores. We can see from 5 that
regressing the realism scores leads to much better perfor-
mance. Hence, we adopt the “Regression” method.

Prompt: Include object name or not. We explore
whether or not we should include the object name in
the realism prompt. If object name is included in the
realism prompt “Evaluate the quality of this
point cloud object and provide your
rating...”, we replace “object” with an object
name, e.g., “dog”. Otherwise, we keep the original realism
prompt. These two prompts are denoted as “W/ obj
name” and “W/o0 obj name (Ours)”, respectively. As
shown in Tab. 6, the prompt without object name leads to
better alignment of our metric with human annotations. The
PLCC, SROCC, and KROCC of “W/0 obj name” are at
least 0.122 more than those of “W/ obj name”.

Visualization. In Fig. 5, we show some visualization
of 3D shapes, realism scores of our metric, and human-
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Figure 5: We present the realism scores from our met-
ric alongside human-annotated realism scores for various
meshes. The results show that our metric assigns high re-
alism scores to realistic meshes, while severely distorted
meshes receive low scores. Our metric correlates well with
human annotations, which reflects how human annotators
perceive mesh realism.

annotated realism scores. We can see that our method as-
signs high realism scores to realistic 3D shapes, while dis-
torted shapes receive low scores. For example, as shown in
the second row, the hand generated by HaMeR receives a
score of 0.67. The hand generated by PeRFlowText received
a lower score, as it has six fingers. The hand generated by
One2345 receives the lowest score, as we can barely rec-
ognize that it is a hand. These visualizations illustrate that
our metric correlates well with human annotations, which
reflects how human annotators perceive mesh realism.

Conclusion

In conclusion, we have introduced a novel no-reference met-
ric for evaluating 3D shape realism that operates solely on
the 3D shape itself. Our method, which leverages a pre-
trained 3D language model and employs a LoRA-style fine-
tuning approach, effectively integrates human realism anno-
tations to capture high-level semantic features and align its
scores with human perception. The introduction of a new
dataset containing human-labeled scores for meshes gener-
ated by a diverse range of reconstruction and generation al-
gorithms further validates the practical applicability of our
approach. Experimental results demonstrate that our metric
correlates strongly with human judgments and outperforms
existing methods, offering a promising tool for advancing
the evaluation of 3D shapes in content creation industries.
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