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Figure 1. (a) Previous methods simply performed basic operation

(b) MESC3D decodes shape based on image semantic and text information
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s on the extracted 2D image information and 3D point cloud without es-

tablishing a connection between them. (b) Compared to that, we introduced two key designs: First, the Effective Semantic Mining Module,

which effectively mines semantic information from the entangled

features and enables point cloud to select the information. Second, the

3D Semantic Prior Learning Module, which aims to enable the model to interpret 3D structures as humans do in 3D reconstruction from
a single image. (c) The generalization comparsion between the proposed MESC-3D and SOTA methods on base classes with complex

backgrounds. (d) MESC-3D’s zero-shot on unseen classes. (e)

Comparison with state-of-the-art methods on ShapeNet [1] Dataset on

Chamfer Distance (y-axis), parameter count (size of the area), and inference time (x-aixs) which show that MESC-3D achieve the best

performance with comparable computational cost.

Abstract

Reconstructing 3D shapes from a single image plays an im-
portant role in computer vision. Many methods have been
proposed and achieve impressive performance. However,
existing methods mainly focus on extracting semantic infor-
mation from images and then simply concatenating it with
3D point clouds without further exploring the concatenated
semantics. As a result, these entangled semantic features
significantly hinder the reconstruction performance. In this

*“Equal contribution.
"The corresponding author is Qing Cai.

paper, we propose a novel single-image 3D reconstruction
method called Mining Effective Semantic Cues for 3D Re-
construction from a Single Image (MESC-3D), which can
actively mine effective semantic cues from entangled fea-
tures. Specifically, we design an Effective Semantic Min-
ing Module, which incorporates a point-selection map es-
tablish connections between point clouds and semantic at-
tributes, enabling the point clouds to autonomously select
the necessary information. Furthermore, to address the po-
tential insufficiencies in semantic information from a sin-
gle image, such as occlusions, inspired by the human abil-
ity to represent 3D objects using prior knowledge drawn
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from daily experiences, we introduce a 3D Semantic Prior
Learning Module. This module employs contrastive learn-
ing paradigm along with a learnable text prompt to incor-
porates semantic understanding of spatial structures, en-
abling the model to interpret and reconstruct 3D objects
with greater accuracy and realism, closely mirroring hu-
man perception of complex 3D environments. Extensive
evaluations show that our method achieves significant im-
provements in reconstruction quality and robustness com-
pared to prior works. Additionally, further experiments val-
idate the strong generalization capabilities and excels in
zero-shot preformance on unseen classes. Code is available
at https://github.com/QINGOINGLE /MESC—-3D.

1. Introduction

Image-based 3D object reconstruction plays an impor-
tant role in computer vision [13, 15, 16, 21, 31], with
widespread applications in areas such as virtual reality
[14, 19, 24], autonomous driving [10, 11, 18], video games,
robotics [39] and 3D content creation [36]. So far, many
image-based 3D object reconstruction method have been
proposed, which can be broadly categorized into single-
view 3D shape reconstruction [29, 34] and multi-view 3D
shape reconstruction [26, 40]. This paper focuses on single-
view point cloud reconstruction and conducts a series of
studies on this topic. The typical paradigm for single-view
3D point cloud reconstruction involves extracting semantic
attributes from a single image, obtaining implicit or explicit
features through these attributes, parsing the image’s class
and geometric information, and finally decoding it into a 3D
shape via a 3D decoder. The typical paradigm followed by
most existing methods [27-29, 32, 33] indicates that the key
to 2D-to-3D reconstruction lies in accurately translating the
semantic attributes of the image into 3D space.

However, most existing methods [27-29, 32, 33] sim-
ply transfer image semantic information to the 3D decoder
by performing element-wise addition or channel concatena-
tion between semantic features and the 3D point cloud as
seen in Fig. 1(a). Since these semantic features are entan-
gled, directly using them for reconstruction would severely
affect the reconstruction quality. Moreover, due to the lim-
ited visual information in a single view, 3D reconstruction
from a single image often produce rough geometric shapes
in occluded regions. Despite the difficulty of this task, hu-
mans are adept at using a range of monocular cues and
prior knowledge to infer the 3D structure of common ob-
jects from single view. Inspired by daily life, humans can
easily and naturally infer the shape of the back of an object
in a photograph based on life experiences.

Based on the above discussion, this paper aims to design
a novel network that, like humans, can sketch the shape of
an object in theirs mind based on prior understanding when

observing the object in an image. To achieve this goal,

this paper has made two key designs, as shown in Fig. |

(b). Specifically, to simulate the process of humans obtain-

ing prior knowledge of the object when seeing it in a sin-

gle image, we design a 3D Semantic Prior Learning Mod-
ule (3DSPL), which integrates object global semantic prior
into the network by utilizing a learnable text prompt. Fur-
thermore, to further untangle semantics, we have designed
an Effective Semantic Mining Module (ESM), which can
enable point cloud to autonomously select the necessary
semantic information and establish a connection between
point cloud and semantic attributes. Experimental results
also demonstrate the effectiveness of this design.

In summary, our contributions are three-fold:

* We design an Effective Semantic Mining Module (ESM).
Unlike traditional 3D reconstruction[27-29, 32, 33], our
approach uses a point-selection map to directly guide the
point cloud in autonomously selecting key semantic in-
formation, achieving a more precise mapping from fea-
tures to points. This mechanism establishes a connection
between point clouds and semantic attributes.

* We design a 3D Semantic Prior Learning Module
(BDSPL). Through a learnable text prompt and con-
trastive learning between text and point cloud modalities,
this module effectively compensates for the lack of se-
mantic information in single view, enabling it to infer ob-
ject shapes from a single image, much like how humans
can intuitively deduce the complete structure of an object
from a single image.

* We conduct extensive experiments to demonstrate the ver-
satile capabilities of MESC-3D. It exhibits superior per-
formance on synthetic dataset [1] and real-world dataset
[25], generalization capability and zero-shot capability on
3D reconstruction.

2. Related Work

Single-View Point Clouds Reconstruction. 3D recon-
struction is a fundamental task of translating the 2D world
into a 3D representation. Unlike meshes and voxels, point
clouds offer a memory-efficient way to represent the shape
of arbitrary objects. Point cloud reconstruction methods
are currently divided into traditional deep learning-based
approaches [4, 27, 29, 32] and diffusion-based methods
[16, 20, 21]. Traditional deep learning methods include ap-
proaches like 3DR2N2 [4], PSGN [7], Pix2Mesh [27], At-
lasNet [8], OccNet [17] and 3DAttriflow [29]. These meth-
ods typically involve extracting semantic attribute from sin-
gle or multiple views of images and then decoding these
2D features into 3D space. They have demonstrated ef-
fective performance in single-view and multi-view recon-
struction [26]. In recent years, researchers [5, 16, 20, 21]
have explored various pipelines based on diffusion prob-
abilistic models to achieve 3D shape generation. For in-
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Figure 2. The overall architecture of MESC-3D. Our network is composed of two main components. (a) The 3DSPL align point cloud
modality features with text features, aiming to capture the unique 3D geometric characteristics of each category. (b) The ESM establishes
a connection between the semantic feature F; and the 3D point cloud at i** stage, allowing each point to autonomously select the most

valuable semantic information.

stance, methods such as Point-E [21], PC? [16] and BDM
[34] have successfully generated sparse point clouds from
single images through a denoising diffusion process. They
use a diffusion model which conditions on image. Addi-
tionally, PC2 takes its camera pose and gradually denoises a
set of 3D points, aiming to project local image features onto
the partially-denoised point cloud at each step of the diffu-
sion process. Unfortunately, these methods [27-29, 32, 33]
either focus on enhancing the richness of semantic infor-
mation or improving communication between 2D and 3D
encoders, without adequately addressing the connection be-
tween these modalities. As a result, these methods [27—
29, 32, 33] fail to fully exploit the effective semantic infor-
mation in the image. Furthermore, a single view image of-
ten suffer from insufficient semantic information primarily
due to occlusion.

Prompt Learning. This topic [2, 6, 30, 37, 38] has emerged
as an effective fine-tuning strategy to adapt Vision models.
It adds a small number of learnable embeddings along with
model inputs which are optimized during training while the
rest of the model is kept frozen. This approach has al-
ready shown outstanding performance in the 2D domain.
It is worth noting that the CoOp [38] early presents the
first comprehensive study about adapting large vision mod-
els with prompt learning. Specifically, CoOp [38] models
a prompt’s context words with learnable vectors while the
entire pre-trained parameters are kept fixed. It demonstrates

that prompt learning could bring much stronger robustness.
Following this, they introduced CoCoOp [37]. Inspired by
their work, we aim to extend prompt learning to the 3D do-
main, addressing prompt engineering for 3D and learning
prior of 3D structure like humans, making use of the 3D
rich knowledge encoded in the parameters to optimize the
context. We attempt to incorporate 3D geometric prior into
the Text Encoder to enhance guidance for subsequent 3D
reconstruction tasks.

3. Method

The overall architecture of MESC-3D is visualized in Fig.
2. Given a single view Image I € [224, 224] and a random
sphere points P € (2048, 3). We first adopt ResNet18 [9]
and pre-trained PointMAE [22] to obtain the image feature
Fyem and the point cloud feature F, respectively. Then,
using the Multimodal Interlaced Transformer M IT [35],
we enrich these features through mutual interaction, result-
ing in the fused feature Fysc = MIT(Fyeo, Fsem). Next,
a prior feature T,,; obtained by one of the key component
3DSPL, which is then concatenated with the original feature
to form the stage 1 feature as Fy = Concat[Fyyse, Tems)]-
Finally, after six stages of effective feature selection by us-
ing another main component ESM, the 3D coordinates of
each point are predicted by a tiny MLP.

16914



3.1. 3D Semantic Prior Learning Module

In order to endow the model with the ability to infer like hu-
mans when seeing an object, we utilize contrastive learning
to imitate the human acquisition of prior knowledge in daily
life. This enables the model to recognize an object’s cate-
gory and associate it with learned prior knowledge for ac-
curate 3D reconstruction. We use the ShapeNet [1] dataset
as our 3D modality, which is one of the most extensive pub-
lic 3D CAD datasets. However, instead of using these spe-
cific textual descriptions, we replace them with learnable
text prompt.

Deep Prompt Tuning(DPT) By using Deep Prompt Tun-
ing (DPT) [41], we can retain the original CLIP param-
eters intact while effectively learning 3D geometric prior.
Formally, we denote the original text embeddings in CLIP
as K! = {k!{, k., ... kY }. Deep prompt tuning appends
learnable tokens P! = {p!,ph,...,ph,} to this token se-
quence in each Vision Transformer (ViT) layer of the CLIP
text encoder. Then, the 1-th Multi-Head Attention (MHA)
module processes the input token as:

[, K'] = Layer'[P'~ !, K", )

where the output embeddings of {p},pL, ... pl,} are dis-
carded (denoted as _) and are not fed into the next layer.
Therefore, {p’,p}, ..., ph,} merely acts as a set of learn-
able parameters to adapt the MHA model.
Learnable Text Prompt Inspired by CoOp [38], we de-
signed a learnable text prompt specifically for the 3D recon-
struction task. To extract useful information for 3D recon-
struction, we allow the model to autonomously summarize
the corresponding 3D textual descriptions for point cloud.
The learnable text prompt shares the same context vectors
with all classes. The design of continuous representations
also allows full exploration in the word embedding space,
which facilitates the learning of 3D-relevant context. In this
process, we only need to provide an appropriate prompt,
such as the 3D shape category. Concretely, the original 3D
categories are first transformed into class tokens through the
CLIP tokenizer, i.e., tinit = Tokenizer(Category), where
Category is the discrete 3D text category, e.g., airplane, ves-
sel, etc. We then concatenate t;,;; with the learnable text
prompt {ci,...,¢}, which contains 1 context tokens, to
form a complete sentence token. Thus, the input to the text
encoder is presented as follows:
tp = {Cl,...,timt,...,cl}. (2)

Here, we place the class token at the middle of a se-
quence. Then this sequence token is added to the positional
embedding to obtain positional information, and finally, the
text encoder of CLIP takes as input Ti,,.¢ and generates
prompt embedding T},

3.2. Effective Semantic Mining Module

The model acquires 3D prior knowledge T, through the
3DSPL. This prior knowledge is then integrated with en-
riched semantic features F',q., resulting in a more com-
prehensive 3D attribute representation Fy. Through multi-
stage selection, the model progressively refines attribute in-
formation. Notably, each stage focuses on different attribute
information. To achieve this, we designed an ESM that is
applied to the F; € REXEXN features, allowing each point
in the point cloud to autonomously select the features it re-
quires, where ¢ denotes ith stage. For convenience, we de-
note the process of selecting features from the point cloud
as:

Fsielect :ESM(Fl)> (3)

Specifically, ESM considers a point-selection map with
the same shape as F;. First, the map is initialized, and
during training, the values in the point-selection map are
optimized. The initial values follow a normal distribution
map N (u,0?) with mean ¢ = 0 and standard deviation
o = 0.01, which provides the network with a moderate
amount of perturbation to gradually optimize the parame-
ters in the point-selection map within the [0, 1] range. To
enable the point cloud to select information based on the
point-selection map, it selects attributes according to the
varying values within the map. Then, map is used as a mask,
and multiplied element-wise with the input features F; to
yield the final output F!

select*

)
Fselect

= Fi - map “)

Meantime, we obtain the feature representation of each
sample in a common embedding space by projecting the
feature F; to a common dimension represented by:

F{ = MLP(F)) (5)

Next, each point selects effective semantic features to
compute its deformation of scaling and translation (S, T),
give by:

(S’ T) = ¢( ;elect)’ (6)

where ¢ represents MLPs, .S denoted the scaling factor and
T denoted the translation.

Finally, during the decoding process into 3D space, this
information is used to guide the corresponding features.

Fio.=F -S+T @)

The benefits of this approach are threefold: first, it re-
duces feature entanglement by allowing each point to com-
pute its positive and negative features from the multiple
channels of the fused features, thereby effectively extract-
ing the semantic cues each point needs; second, it reduces
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CD F-score@1%

Methods Point-E[21]  3DAttriFlow [29] PC?[16] BDM-B [34] Ours | Point-E [21] 3DAttriFlow [29] PC2[16] BDM-B[34] Ours

(Arxiv 22) (CVPR 22) (CVPR 23) (CVPR 24) (Arxiv 22) (CVPR 22) (CVPR 23) (CVPR 24)
Airplane 17.44 2.11 4.12 4.01 191 0.486 0.983 0.920 0.928 0.987
Bench 32.00 2.71 4.18 3.74 2.41 0.188 0.978 0.921 0.930 0.985
Cabinet 22.59 2.66 6.08 6.03 2.49 0.280 0.984 0.839 0.842 0.986
Car 23.55 2.50 4.74 4.82 2.36 0.292 0.990 0.929 0.926 0.993
Chair 16.89 3.33 5.25 5.15 3.02 0.374 0.966 0.833 0.888 0.976
Display 24.27 3.60 6.24 6.03 3.15 0.300 0.952 0.832 0.838 0.971
Lamp 27.06 4.55 8.12 8.12 4.26 0.290 0.898 0.705 0.711 0.907
Loudspeaker 20.33 4.16 7.55 7.35 3.72 0.340 0.928 0.744 0.758 0.943
Rifle 15.90 1.94 2.70 2.71 1.77 0.498 0.986 0.964 0.966 0.990
Sofa 26.26 3.24 6.57 6.48 3.00 0.249 0.970 0.840 0.844 0.975
Table 25.38 2.85 591 5.83 2.67 0.239 0.966 0.843 0.843 0.985
Phone 28.46 2.66 4.30 4.37 2.38 0.239 0.976 0.943 0.940 0.987
Vessel 18.02 2.96 4.36 4.28 2.70 0.439 0.973 0.920 0.924 0.982
Average 22.93 3.02 5.39 5.30 2.76 0.324 0.965 0.868 0.872 0.974

Table 1. 2D-to-3D reconstruction on ShapeNet dataset in terms of per-point L1 CD x 102 and F-score@1%.

the computational load by excluding marginalized features
that are less relevant from the computations; and third, it
reduces inference time, as demonstrated by our comparison
of the inference time of diffusion-based methods with our
approach. This method not only streamlines the computa-
tional process but also enhances the precision and efficiency
of the 3D reconstruction task.

3.3. Training loss

For 3D text encoder pre-training, as shown in Fig. 2, for an
object i, features 7%, and P! , are extracted from learn-
able text prompt and 3D point cloud encoders. Then con-
trastive loss among each pair of modalities is computed as
follows,

i J
eXp (Tel'ranPe'mb )

T: Pk
(i.4) > ok €Xp <%)
Ti Pl ®)
11 exp ( —=mieme
~ Zlog )
27 5y oxp (Ll )

where T and P represent two modalities and (¢, j) indi-
cates a positive pair in each training batch. We use a learn-
able temperature parameter 7 as well, similar to CLIP [23].

We train our MESC-3D model fully supervised using the
Chamfer Distance(CD) loss. The CD measures the distance
of each point to the other set:

min
pt e’])t

1
Lep(P°PY) =5 D
pOEPO

[p° ="l

O
P =1°|,

1 .
ptept

where P° and P* represent the predicted point cloud and
the corresponding ground truth point cloud respectively.

4. Experiments

In this section, we experimentally evaluate the effective-
ness of MESC-3D in 3D reconstruction task, and analyze
the quantitative and qualitative results. The ablation stud-
ies will focus on effectiveness of each part of MESC-3D,
visually analyze the generalization ability on base classes.
To demonstrate the benefits of 3DSPL, we conduct exper-
iments on the zero-shot 3D reconstruction task, where the
model is evaluated on previously unseen classes.

4.1. Datasets And Evalution Metrics

Following [16, 29, 34] and [3, 12], we evaluate our method
on the synthetic dataset ShapeNet [1] and the real-wolrd
dataset Pix3D [25].

ShapeNet. The ShapeNet Dataset is a collection of 3D
CAD models corresponding to categories in the WordNet
lexical database. We use a subset of the ShapeNet dataset
consisting of 44K models and 13 major categories follow-
ing the experimental setup used in 3DAttriflow [29]. More
specifically, renderings of each 3D model contains 24 ran-
dom views of size 137 x 137.

Pix3D. The Pix3D dataset is a large-scale single-image
3D shape modeling dataset that features pixel-level 2D-3D
alignments. The dataset contains 395 3D models of nine
object classes such as chairs, tables, and sofas.

Evalution Metrics. To evaluate the reconstruction quality
of the proposed methods, we calculate Chamfer Distance
(CD) between points clouds uniformly sampled from the
ground truth and our prediction to measure the surface ac-
curacy. We use Chamfer disatance described by Eq. 9 to
evaluate the performance of 3D reconstruction results. In
addition, following PC? [16], we also take F-score@1% as
an extra metric.

For CD, the smaller is better.
larger is better.

For F-score@1%, the
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Figure 3. Visual comparison of 2D-to-3D reconstruction results with different methods under ShapeNet dataset. Additional qualitative

results are provided in the supplementary material.

4.2. Implementation Details

Pre-training. For 3DSPL, we use the point cloud data
from the ground truth of our training and validation sets,
without utilizing the ground truth of the test set for train-
ing. We freeze the point cloud encoder and only update the
text encoder’s parameters during pre-training. MESC-3D is
trained for 200 epochs. We use 64 as the batch size, 10~4
as the learning rate, and Adam as the optimizer.

3D Reconstruction. On ShapeNet, we use the learning rate
of 1072 and Adam as the optimizer.The initial learning rate
is set to 1072 and gradually decays to 1075, We train for
400 epochs with batch size 24 on an RTX 3090 GPU.

4.3. Comparison with SOTAs

We benchmark our method against SOTA approaches in
point cloud reconstruction, including those based on tradi-
tional deep learning [4, 7, 8, 17,27, 29] and diffusion meth-
ods [12, 16, 21, 34].

Quantitative Comparison. We present results for 13 cat-
egories in the widely-used ShapeNet benchmark. Tab. |
shows a quantitative comparison between our method and
state-of-the-art point cloud reconstruction methods. Our
method consistently outperforms the SOTA method across
all 13 classes and on average, demonstrating its capability
to achieve superior performance comparable to prior meth-

ods. Through the improvement in metrics across various
categories, we see that our method performs better on both
simple and complex objects, such as “display” and “air-
plane”. Overall, our approach achieves an average Chamfer
Distance of 2.76 and an F-score @ 1% of 0.974, outperform-
ing the best competing method by a notable margin.

We also evaluate on the Pix3D[25] dataset in Tab. 2.
It can be seen that our method remarkably improves the
performance and achieves state-of-the-art. On average,
we achieve 1.37 CD, while other diffusion methods have
around 7, showing that our approach attains a much better
overall object reconstruction quality.

Table 2. 2D-to-3D reconstruction on Pix3D dataset in terms of
per-point L1 CD x10? and F-score@1%.

Methods CD F-score@1%
SDFusion(CVPR’23) [3] 7.22 0.772
3DQD(CVPR’23) [12] 8.65 0.693
Ours 1.37 0.990

Qualitative Comparison. To provide a more comprehen-
sive comparison with SOTAs, We also presents the qualita-
tive results as seen in the Fig. 3. It is evident that 3DAttri-
Flow struggles to model regions with high uncertainty from
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Table 3. Impact of different modules in our MESC-3D in terms of L2 CDx10%. We show the results of integrating different modules into
the baseline. ESM denoted as Effective Semantic Mining Module and 3DSPL denoted as 3D Semantic Prior Learning Module.

Model Avg-CD Airplane Bench Cabinet Car Chair Display Lamp Loud. Rifle Sofa Table Tele. Vessel
Baseline 5.68 222 4.14 3.59 221 483 8.66 1461 1266 187 574 448 489 388
Baseline + ESM 3.69 1.79 2.68 2.62 1.87 3.36 4.85 1020 717 1.62 345 329 229 274
Baseline + ESM + 3DSPL 3.20 1.65 2.52 2.36 1.83 3.24 3.58 845 532 153 332 3.06 218 2.63

a single view, such as the two ram air turbines on the air-
plane and the backrest of the bench, which are all occluded
in this perspective and lack sufficient information. In con-
trast, by incorporating 3D prior, our method effectively re-
constructs these occluded areas. Additionally, BDM-B pro-
duces very blurred reconstructions for some complex ob-
jects, such as the shape of the chair and the magazine of
the rifle. Relative to prior methods, our approach generates
shapes with significantly finer levels of detail.

Fig. 4 presents qualitative results on Pix3D dataset. Our
method trained on real-world data recovers not only realis-
tic geometry, but also fine-grained, such as the thickness of
the bookcase and the components of the bed with a ladder.
This further demonstrates that its better mining effective se-
mantic cues to guide 3D reconstruction.

Input 3DQD[16]

SDFfusion|[34] Ours GT

NS :‘
3 1

Figure 4. Visual comparison of 2D-to-3D reconstruction results
with different methods under Pix3D dataset.

4.4. Ablation Study

Abaltion Study on Model Architecture. Tab. 3 shows the
impact of integrating different components into the base-
line. The baseline adopts original Multimodal Interlaced
Transformer (MIT) and 3D Decoder to predict the point
cloud. When the ESM was introduced, the score improved
from 5.68 to 3.69, outperforming the baseline by 35%.
Furthermore, when the prior was introduced through the
3DSPL, the occluded areas in the image have been recon-
structed with enhanced details, as seen in Fig. 5. The re-
sults validate that each component contributes to the perfor-
mance of our method.

Abaltion Study on Image Encoder. We conduct abla-

Table 4. Abaltion Study on Image Encoder. We present results
in terms of L2 CDx 103, using a frozen CLIP model, a fine-tuned
CLIP model, and a trainable ResNetl8 network architecture on
vessel.

Image Encoder CDh F-score@1%
CLIP(Pre-trained) 4.71 0.954
CLIP(Fine-tuned) 4.24 0.966
Resnet18(Ours) 2.74 0.980

tion study on the backbone without the introduction of text
prompt, and the evaluation metrics were measured only on
the vessel. Tab. 4 presents the ablation study on the pre-
training and fine-tuning of the image encoder. In this abla-
tion, our model incorporates only the ESM, and the experi-
mental results are measured exclusively on the vessel.

Input w/o Text Prompt w/ Text Prompt GT
% S

Figure 5. Ablation Study on learnable text prompt. Visual results
on ShapeNet.

Table 5. Ablation Study on Learnable Text Prompt Training Strat-
egy. we evaluated them by L2 CD x 10 metrics on vessel.

Text Encoder PCEncoder CD  F-score@1%

CLIP (Pre-trained) ULIP 2.80 0.978
CLIP (Pre-trained) PointMAE  2.74 0.980
CLIP (DPT)(Ours) ULIP 2.63 0.982

Ablation Study on Learnable Text Prompt Training
Strategy. Tab. 5 shows different training strategies for
the first-stage learnable text prompt. We employed vari-
ous Text Encoders, PC Encoders, and Image Encoders. In
the first two strategies, we used pre-trained encoders and ap-
plied learnable text prompt with point cloud and image triad
alignment strategies. The L2 CD scores for these strategies
are similar. In the final strategy, we introduced DPT to fine-
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tune the Text Encoder, combined with learnable text prompt
and point cloud pair alignment strategies. The experiments
demonstrate that incorporating DPT leads to a better learn-
ing of 3D geometric prior.

Ablation Study on Introduce Manner of Learnable Text
Prompt. Tab. 6 shows different methods for incorporating
3D prior into the point cloud reconstruction stage, including
addition, fusion, and concatenation of point cloud and im-
age fusion features. The experimental results indicate that
the three-modal fusion strategy performs the worst. Directly
adding the 3D prior to the fused features also did not signif-
icantly improve performance. However, concatenating the
3D prior with the fused features led to an improvement in
the L2 CD score to 2.80. This method’s advantage lies in
preserving the original 3D prior, thereby providing more in-
tuitive feature selection for point cloud reconstruction.

Table 6. Introduce of Learnable Promp. Here, ) represents the
MultiModal Interlace Transformer, © stands for the concatenation
operation between two vectors, and () denotes element-wise addi-
tion between two vectors. The following operations are performed
sequentially from left to right. We evaluated them on vessel in
terms of L2 CDx 107,

Methods CD F-score@1%
Fsem @ Temb @ Fgeo 326 0974
Foem ® Fyeo @ Tomp 298 0.976
Fsem © Temb @ quo 2.92 0.977
Foem O Fyeo © Ty, 2.80 0.978

Table 7. Ablation study on category token placement.
Position Start Middle End
Avg-CD L2 3.48 3.20 3.51

Hyperparameter Analysis. We experimented on different
embedding positions of categories as illustrated in Tab. 7.
The results indicate that the best position is in the middle.

4.5. Further Analysis

Generalization on Base Classes. We use ShapeNet as the
training set and Pix3D as the test set, keeping other settings
consistent and without introducing prompt learning. By vi-
sually comparing the model predictions with the Ground
Truth, as seen in Fig. 6, we observe that our model success-
fully reconstructs the square-shaped tabletop and the four
table legs. This result demonstrates the model’s effective
capability in mining semantic features and its strong gener-
alization ability to unseen basic classes.

Zero-shot on Unseen Classes. We conducted a quantita-
tive analysis of zero-shot performance through an ablation
study on learnable text prompt, where the text prompt were
trained only on the 13 categories (excluding bed, bookcase,

Input PC BDM-B Ours GT

Figure 6. Generalization on base classes with various methods.

Zero-shot on Unseen Classes

30| —* without text prompt
- with text prompt
S2s
x
820
- L5

L0

bed bookcase desk tool

Category

Figure 7. Zero-shot on Unseen Classes in Pix3D dataset.

desk, and tool). As shown in Fig. 7, introducing the text
prompt led to a significant improvement in the metrics. By
incorporating 3D prior, the reconstruction of unseen classes
was effectively aided, thereby demonstrating the zero-shot
capability enabled by learnable text prompt.

5. Conclusion

In this work, we propose a novel 3D point cloud reconstruc-
tion method from a single-view image by mining effective
semantic cues. To ensure precision and efficiency in recon-
struction, we designed two key components to achieve com-
petitive results on the reconstruction task. The first is the
ESM, which enables the point cloud to autonomously se-
lect relevant semantic information during the decoding pro-
cess, overcoming the issue of deeply entangled with each
other. The second component is the 3DSPL, which intro-
duces learnable text prompts and contrastive learning to
emulate the human-like ability to learn 3D prior knowl-
edge. To demonstrate the effectiveness of our method, we
conduct extensive evaluations on both synthetic and real-
world datasets, achieving performance that surpasses pre-
vious state-of-the-art methods. Furthermore, our work ex-
plores generalization to base classes and zero-shot capabil-
ity on unseen classes, which may provide inspiration for
future research.
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