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Abstract— As most existing works of single-view 3D recon-
struction aim at learning the better mapping functions to
directly transform the 2D observation into the corresponding
3D shape for achieving state-of-the-art performance, there
often comes a potential concern on having the implicit bias
towards the seen classes learnt in their models (i.e. recon-
struction intertwined with the classification) thus leading to
poor generalizability for the unseen object categories. Moreover,
such implicit bias typically stemmed from adopting the object-
centered coordinate in their model designs, in which the
reconstructed 3D shapes of the same class are all aligned to
the same canonical pose regardless of different view-angles in
the 2D observations. To this end, we propose an end-to-end
framework to reconstruct the 3D mesh from a single image,
where the reconstructed mesh is not only view-centered (i.e.
its 3D pose respects the viewpoint of the 2D observation) but
also preliminarily represented as a composition of volumetric
3D primitives before being further deformed into the fine-
grained mesh to capture the shape details. In particular,
the usage of volumetric primitives is motivated from the
assumption that there generally exists some similar shape parts
shared across various object categories, learning to estimate the
primitive-based 3D model thus becomes more generalizable to
the unseen categories. Furthermore, we advance to propose
a novel mesh augmentation strategy, CvxRearrangement, to
enrich the distribution of training shapes, which contributes to
increasing the robustness of our proposed model and achieves
better generalization. Extensive experiments demonstrate that
our proposed method provides superior performance on both
unseen and seen classes in comparison to several representative
baselines of single-view 3D reconstruction.

I. INTRODUCTION
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Fig. 1. Examples of reconstructing 3D shapes from unseen categories given
the single-view 2D observations, where the comparison is made among the
models from Pixel2Mesh (P2M) [1], GenRe [2] and our proposed method
(in which they are all trained on chair, car, airplane classes). Please note
that we visualize the 3D shapes with the viewpoints different from the ones
of their corresponding 2D inputs for better comparing the holisticness and
reasonableness among the results of different methods.

1All authors are with the Department of Computer Science, National
Chiao Tung University
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Reconstructing 3D shapes from single RGB images is
a long-standing problem in computer vision and has wide
applications for the machine perception, where impressive
progress has been made in recent years thanks to the re-
naissance of deep learning techniques. Depending on the
formats for representing 3D models, various approaches of
single-view 3D reconstruction are proposed (e.g. [3], [4],
[5], [6], [7], [8] and [9], [10], [11], [12] for voxel-based 3D
shapes and 3D point clouds respectively, and [13], [14], [15],
[16] for 3D models described by implicit functions). Among
different 3D formats, the one based on 3D meshes [17], [18],
[19], [20], [1] have garnered research attention these years,
as the meshes (composed of points and surfaces) are capable
of modelling more detailed shape geometry in comparison to
other point-based ones (e.g. voxels or point clouds) and being
easier to be deformed for performing the physics simulation
thus becoming more desirable for numerous applications
in computer animation and geometry processing. However,
the benefit of adopting mesh-based 3D representations also
comes with more challenges: as most existing methods aim to
learn a mapping function to estimate the 3D meshes directly
from 2D observations, the high complexity of the target 3D
meshes usually results in making these methods inevitably
learn the shape priors that are highly biased towards the
training/seen classes (i.e. reconstruction is intertwined with
the classification), hence having difficulty in generalizing to
the classes which are not seen during training.

Moreover, another cause for the generalization issue for
the unseen categories is that most of the current works
reconstruct 3D shapes upon the object-centered coordinates,
in which the 3D shapes are all aligned to the same canonical
view: for example, no matter a 2D image of a chair is
taken from its front view or the side view, the object-
centered method always reconstruct the front-facing 3D
chair. Despite the fact that such object-centered coordinate
system is beneficial for simplifying the 3D reconstruction
task thus boosting the performance on training categories,
it however becomes problematic while tackling the shapes
from unseen categories since there exists no plausible way to
predefine the canonical pose for the novel/unseen categories
and the learnt models in results tend to overfit upon the
training categories, as clearly described in [21], [22]. In
contrast to the object-centered coordinate, the view-centered
coordinate system attempts to align the 3D objects to the
same viewing perspective as their corresponding 2D input
images: for example, given the 2D chair images taken from
the front view and side view, the view-centered method
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will reconstruct the front-facing chair model and the side-
facing chair model respectively, thus being more suitable
for addressing 3D reconstruction upon the unseen classes.
Therefore, in this paper we explicitly tackle the task of view-
centered single-view mesh reconstruction in order to advance
the generalizability on unseen categories, and we focus on
making comparison with respect to other works which are
also built upon the view-centered coordinate system.

However, even though the view-centered coordinate is
typically more generalizable, directly approximating the
mapping function from 2D images to 3D shapes via a
black-box model (e.g. a neural network) often results in
the issue of overfitting. A pioneer work, GenRe [2], instead
proposes to factorize the reconstruction procedure into three
steps – depth estimation, spherical map inpainting, and
voxel refinement. Such explicitly modelling the steps of
the geometric projection from 2D image to 3D shape is
more category-agnostic and beneficial for generalization, as
every module only utilizes the cues from the previous step
in which the potential issue of learning the biased shape
priors is alleviated. However, while GenRe [2] successfully
demonstrates better generalizability for the unseen classes
comparing to other related works, it lacks the understanding
on the local structures/details of the 3D shapes, which
are also considered as another important perspective for
assessing the generalizability [23], [24]. To this end, [23],
[24] propose to reconstruct a 3D shape via the composition of
volumetric primitives (e.g. cuboids), where such primitive-
based representation is stemmed from the assumption that
there generally exists some similar local parts/shapes shared
across different object classes thus they are typically more
category-agnostic. With adopting primitives to approximate
these shared local parts, the resultant primitive-based rep-
resentation not only respects the local structures of the 3D
shape but also becomes more generalizable. Nevertheless, the
model training of [23], [24] requires the supervision of part
decomposition (i.e. the part segmentation) for 3D shapes,
which are usually difficult and expensive to collect.

Motivated by the aforementioned works (i.e. GenRe [2]
and [23], [24]), we propose an end-to-end framework for
reconstructing view-centered 3D meshes from the single-
view 2D observation, in which the framework is composed
of three stages – depth estimation, primitive composition,
and mesh deformation. In particular, the second stage for
estimating the primitive-based composition of the target
3D shape is achieved in an unsupervised manner without
requiring any groundtruth annotations of part segmentation.
We note that, even the resultant volumetric primitives might
not well aligned with the parts expected by humans, they
are still beneficial to model the local structures of 3D shape
and contribute to the better generalizability. Moreover, the
primitive-based composition is further deformed in our third
stage via the graph neural network [25] to better capture the
surface details of the 3D shape and then achieves the final
fine-grained 3D meshes, in which our primitive composition
and mesh deformation stages together can be treated as a
coarse-to-fine procedure and is able to provide better support

on complicated meshes.
In addition to our proposed framework, we also introduce

a novel data augmentation strategy for the 3D meshes, which
is the first of its kind to the best of our knowledge, in order to
enrich the training data distribution and improve the model’s
reconstruction capability across various categories. Basically,
our augmentation strategy, CvxRearrangement, generates
diverse and novel 3D meshes by rearranging the convex
hulls obtained from the existing meshes via the technique
of Approximate Convex Decomposition (ACD [26]).

II. RELATED WORK

Single-View 3D Mesh Reconstruction. Here we focus on
providing brief reviews on the single-view 3D reconstruc-
tion works where the output format is in the 3D meshes.
Basically, most of the existing methods follow the similar
process of deforming the template meshes (e.g. sphere) in
accordance with the given 2D observation. For instance, [27]
learns the deformation on a predefined mesh with view priors
and utilizes the differentiable renderer [28] to reconstruct
meshes without 3D supervision. [1] aggregates the global and
perceptual features to train a graph convolution network for
predicting the deformation on an ellipsoid mesh in a coarse-
to-fine manner; [29] also applies a graph convolution network
to deform the bounding boxes reconstructed by the decoder
proposed from [30], which requires the groundtruth part
annotations. While these above-mentioned studies improve
the fidelity of reconstructed shapes, their model typically
cannot generalize well for the unseen categories as all of
them except Pixel2Mesh [1] reconstruct shapes in the object-
centered coordinate. By contrast, our proposed model is
built upon the view-centered coordinate system. Moreover,
instead of starting from a predefined or template mesh, it
adopts the primitive-based composition in terms of structural
ellipsoids which are then deformed into the fine-grained
meshes, without using any part label.
Single-View 3D Reconstruction for Unseen Classes. In
comparison to the task of reconstructing 3D shapes of seen
classes from single images, only few works investigate the
model generalizability on the unseen classes. GenRe [2]
firstly proposes to disentangle the geometric projections
from shape reconstruction, where various representations
(e.g. depth, silhouette, and spherical shapes) are explicitly
involved to capture more generic and class-agnostic shape
priors. [24] and [23] instead adopt the primitive-based repre-
sentation for 3D shapes which is more category-agnostic thus
benefiting the generalizability for the unseen classes. [24]
proposes a structure-guided shape reconstruction framework
to jointly learn the shape interpretation and the shape re-
construction, using a recursive neural network proposed
by [31] which requires the pre-segmentation for training
shapes. [23] factorizes the reconstruction procedure into
several sub-problems (e.g. part segmentation, part orientation
estimation, part size estimation) in which the training for
each sub-problem requires the corresponding groundtruth la-
bels. Although utilizing primitive-based representation brings
[24], [23] superior reconstruction performance and better



generalizability than [2], the requirement of additional an-
notations on part segmentation or part orientation is usually
harder to fulfill thus limiting their practical applicability. In
contrast, our proposed method is similarly benefited from
using primitive-based representation but does not rely on any
additional part-level annotations.

Recently, we have witnessed the implicit-model-based
work PixelNeRF [32] which learns to estimate the implicit
3D model from 2D image evidences thus being seeming
to share the similar goal as our task. However, there exists
significant differences: the implicit-model methods typically
are good at rendering novel views (i.e. 2D images) instead
of directly generating the 3D model, and it is non-trivial
to extract from the implicit model the 3D points and the
surfaces as what meshes can provide (since implicit model
typically encodes the density). In contrast, the mesh-based
3D reconstruction is more preferred for directly producing
3D meshes which are able to model more detailed shape
geometry and easier to be deformed for further applications.
Primitive-Based Representation. Treating the 3D shapes
as a decomposition of parts is a crucial problem in the
field of graphics and computer vision, thus has attracted
plenty research attention. Various works [30], [33], [34] learn
the part decomposition on the dataset with part labels (e.g.
PartNet [35]) while recently several unsupervised works are
proposed to represent 3D shapes as the volumetric primitives
(e.g. cuboids [36], [37], ellipsoids [38], convex hulls [39],
and superquadrics [40], [41]). While these works focus
on abstracting the complex shapes into primitives instead
of generating delicate shapes with details (as primitives
typically are with regular/simple structure), our method treats
primitives as the coarse estimation of shapes and advances to
deform them into local-structure-aware fine-grained meshes
with the geometry details of shapes being better captured.

III. PROPOSED METHOD

Our proposed framework learns to reconstruct the view-
centered 3D mesh from the given 2D image and aims
to provide better generalizability for unseen categories, in
which it is composed of three stages: depth estimation,
primitive composition, and mesh deformation.

A. Depth Estimation

Given an input RGB image I which shows the 2D ob-
servation of a 3D shape S with the clean background, the
first stage of our proposed framework follows the similar
idea as GenRe [2] to perform the depth estimation on I via
a depth estimation network for obtaining the corresponding
depth map D of I . The estimated depth map represents
the preliminary 3D and geometric information (related to
the visible surfaces of the target 3D shape) extracted from
the 2D image, where the following stage will base on such
(partial) information to proceed the complete reconstruction
of the full 3D shape. The architecture of our depth estima-
tion network is identical to the one used in [2], which is
ResNet-18-based [42] encoder-decoder network with the U-
Net structure [43]. The training objective Ldepth of the depth

estimation network is based on the mean square error (MSE)
between the estimated depth map D and its corresponding
groundtruth D̂:

Ldepth = MSE(D, D̂) (1)

where D̂ is rendered from the mesh M̂ of the target 3D
shape S with the same viewpoint as I (note that we adopt
the Pytorch3D renderer [44]).

The estimated depth map D is then turned into the depth
feature map F by a ResNet-18-based depth feature extractor
E for performing the primitive prediction in the next stage.

B. Primitive Composition

Given the preliminary 3D information (i.e. F = E(D)
where D is the predicted depth map of I) obtained from
the previous depth estimation stage, the second stage of
our proposed framework predicts from F the primitive-
based representation of the target 3D shape, which is com-
posed of K volumetric primitives. Basically, our primitive
composition stage consists of three main components: (1)
the structure network Ds which predicts the centroids of
primitives in the 3D space, (2) the geometry network Dg

which predicts the size and the rotation of each primitive,
and (3) the composing module which assembles the ellipsoid
meshes related to all the primitives into a unified mesh Mp.

Particularly, the configuration of centroids decides how
the primitives are distributed in the 3D space to capture the
global structure of the target 3D shape, while the setting
of radius and rotation for each primitive instead determines
how the primitive is transformed to fit the local geometry
of the target 3D shape around the corresponding centroid.

The primitives used in our proposed framework are ini-
tialized from the unit 3D spheres and the k-th primitive is
parameterized by a tuple (tk, qk, vk), where tk = [txk, t

y
k, t

z
k]

indicates its 3D centroid (i.e. the center coordinates of
the primitive), qk = [q1k, q

2
k, q

3
k, q

4
k] represents its rotation

in terms of the quaternion vector, and vk = [vxk , v
y
k , v

z
k]

indicates its radii on three dimensions (thus determining the
volume/size of the primitive).
Structure Network. With taking the global depth feature zg
as input, which is obtained via applying average pooling on
F , the structure network Ds predicts the centroids tk for all
the K primitives: {tk|k = 1, ...,K} = Ds(zg), where we
provide some example results for visualizing the predicted
centroids in Figure 3.
Geometry Network. Given the centroid tk of k-th primitive
predicted by Ds, we firstly adopt the perceptual feature
pooling operation proposed by Pixel2Mesh [1] to extract
the local depth feature zlk related to the k-th primitive. In
details, we compute the 2D projection of tk onto the depth
feature map F using camera intrinsics, and then pool the
depth feature from four nearby pixels using the bilinear
interpolation to obtain zlk. Afterwards, the geometry network
Dg takes zlk as input and predicts the parameters of size and
rotation (i.e. vk and qk) for the k-th primitive:

{(vk, qk)|k = 1, ...,K} = Dg(z
l
k) (2)
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Fig. 2. Illustration of our proposed end-to-end framework for single-view 3D mesh reconstruction (cf. Section III).
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Fig. 3. Visualization for the example results (i.e. centroids tk of K
primitives, colored as red dots) produced by our structure network Ds

within the primitive composition stage of our proposed framework. For every
example we show a pair of input 2D image and the predicted centroids of
the corresponding 3D shape. Please note that here we particularly represent
the shape in canonical view by its sampled 3D points and colorize these
points based on their closest centroids only for better visualization, while
our proposed method actually reconstructs view-centered 3D meshes.

Composing Module. We first prepare K zero-centered unit
sphere meshes (M◦

1 , ..., M◦
K) as the initialization for our

volumetric primitives, where each sphere mesh has 128
vertices, then apply the spatial transformation on each mesh
M◦

k in accordance with the estimated (tk, qk, vk) of its
corresponding primitive to obtain the transformed mesh M ′

k:

M ′
k = T (R(S(M◦

k , vk), qk), tk)|k = 1, ...,K (3)

where the translation T , rotation R, and scaling S transfor-
mations are based on tk, qk, and vk respectively. Noting that
all these transformations are differentiable thus they do not
hinder our framework from being end-to-end trainable. Then,

the ensemble of the transformed meshes (now becoming
ellipsoids) results to a complete mesh Mp =

⋃K
k=1 M

′
k.

The training objective Lprimitive of this primitive composi-
tion stage is defined upon the Chamfer Distance (CD) [45]
to penalize the reconstruction error between the mesh Mp

and the groundtruth target mesh M̂ .

Lprimitive = CD(PMp
,PM̂ ) (4)

where PMp
and PM̂ denote the sets of 3D points sampled

from Mp and M̂ , respectively.

C. Mesh Deformation

As the primitive-based mesh Mp is usually unable to well
capture the surface details, we advance to utilize the G-
ResNet (which is composed of graph convolution layers with
skip connections, as proposed in Pixel2Mesh [1]) to deform
Mp into a fine-grained mesh Md. Basically, as there exists
128 ∗ K vertices in Mp (i.e. 128 vertices per primitive),
G-ResNet will predict the deformation for each vertex n
with taking its coordinate, its local depth feature zln, and the
global depth feature zg into account, where zln is obtained via
applying the perceptual feature pooling over the projection
of vertex n on F . In details, the global depth feature zg
together with the coordinates and local depth features for all
the vertices of Mp are jointly fed into G-ResNet to obtain
the overall vertex-wise deformation for refining our Mp to
obtain the resultant mesh Md with surface details. Please
note that, in comparison to other deformation-based methods
[27], [1] where they deform only a single sphere or ellipsoid,
our primitive-based deformation is more capable of handling
fine-grained shape details such as holes and thin structures,
and achieved without any part-level supervision.
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Ĉ

Fig. 4. Illustration of our proposed CvxRearrangement for performing mesh data augmentation (cf. Section III-D).

Similar to Lprimitive, we adopt the Chamfer Distance (CD)
loss to penalize the reconstruction error between the final
mesh Md and the groundtruth target mesh M̂ .

Lmesh = CD(PMd
,PM̂ ) (5)

where PMd
denotes the vertices of Md.

Moreover, we additionally introduce the Laplacian reg-
ularization term Llap, which is widely adopted in mesh
deformation works [1], [46], to prevent Md from overly de-
forming from Mp, i.e. encouraging the neighboring vertices
to have the same movement thus tending to preserve the local
geometry of Mp and alleviate the issue of self-intersection
among meshes. Given a vertex n ∈ Mp and its corresponding
vertex n′ ∈ Md, the Laplacian coordinate of n is defined
as δn = n − ∑

η∈N (n)
1

∥N (n)∥η where N (n) denotes the
neighboring vertices of n, then Llap is defined as:

Llap =
∑

n

∥δn′ − δn∥2 (6)

The overall objective Ltotal for training our whole framework
is the weighted sum over the aforementioned losses:

Ltotal = Ldepth + Lprimitive + Lmesh + λLlap (7)

where λ = 0.1 in our experiments to balance among losses.
In implementation, our full framework is trained for 20
epochs by the Adam optimizer with learning rate set to
1e−3 for the depth estimation network and 1e−4 for other
reconstruction modules. All our trained models and source
code will be publicly available upon paper acceptance.

D. Mesh Data Augmentation: CvxRearrangement

We now introduce our novel strategy for augmenting 3D
mesh data, named CvxRearrangement, to enrich the training
data distribution and further improve our model generaliz-
ability towards unseen categories, where the overview of
CvxRearrangement is provided in Figure 4. This augmen-
tation method is mainly built upon the technique of Ap-
proximate Convex Decomposition (ACD) [26], where ACD
is able to decompose a mesh into multiple convex hulls

which could be treated as preliminary part segmentation,
moreover, ACD does not require any human intervention
but utilizes only the geometric information of input mesh.
Basically, given two meshes, we would like to apply random
spatial transformation to rearrange their corresponding sets
of convex hulls and assemble these rearranged parts for
generating new mesh data, with our specific designs to ensure
the generated meshes symmetric and reasonable.

Normalization. First, we prepare all our meshes aligned in
the canonical view (i.e. facing the positive x-axis and having
xy-plane the symmetry plane, noting that such canonical
alignment is only for producing augmented meshes), zero-
centered, and normalized to fit into a unit sphere. Given a
normalized mesh M , ACD is applied to obtain the set of
convex hulls C = {ci|i = 1, ..., C} = ACD(M), where each
convex hull ci is treated as an object part.

Merging Symmetric Pair of Parts. The symmetry char-
acteristic of object shapes, especially for the man-made
objects, is commonly used for various works [37], [27] of
3D reconstruction and generation. Such symmetricity is also
adopted in our augmentation strategy to merge the pair of
symmetric convex hulls (parts) from a shape into one part,
in which such operation will help our later procedure to
generate symmetric augmented meshes. We check whether
two convex hulls ci and cj from a mesh M are symmetric
or not via the following steps: (1) we sample two sets
of surface points Xi and Xj respectively from ci and cj ,
followed by reflecting Xj over the symmetry xy-plane to
obtain X̃j ; (2) we compute the euclidean distance dcenter

between the centroids of Xi and X̃j as well as the Chamfer
Distance dchamfer between Xi and X̃j ; (3) ci and cj are
considered to be symmetric and merged into one part by
the union operation once dcenter and dchamfer are smaller than
the thresholds τ1 and τ2 respectively (τ1 and τ2 are set to
0.15 in our experiments). We iterate over all possible pairs
of convex hulls in C with aforementioned steps to merge all
symmetric pairs, then obtain the new set of parts C̃ for mesh
M .



Symmetry-Based Random Transformation. We then apply
the following four transformations on the set C̃ of mesh M :
(1) randomly cutting-out some parts from C̃; (2) randomly
scaling C̃ along three dimensions; (3) randomly translating
C̃ via adding random offsets on x and y coordinates, where
we do not perform translation for the z coordinate in order
to maintain the shape symmetricity along the xy-plane; (4)
randomly rotating C̃ around z-axis by 90◦, 180◦, or 270◦,
where no rotation around x and y axes is perform for keeping
the symmetricity. The mesh after applying these random
transformations is denoted as M̃ .

Given two meshes M̃1 and M̃2 which are already gone
through the aforementioned operations (i.e. merging symmet-
ric parts and applying random transformations), we are now
able to generate a novel mesh by combining M̃1 and M̃2 into
a unified one. In practice, for tackling the potential complex
structure appearing during the naive combination between
meshes, we first apply ACD on M̃1

⋃
M̃2 then merge the

resultant convex hulls Ĉ to achieve the final augmented mesh
M̂ , which is symmetric and reasonable.
Rendering. Given the augmented mesh M̂ , we sample a
random pose V to transform M̂ from the object-center
coordinate into the view-center coordinate, and colorize each
convex hull in Ĉ with different colors. The 2D RGB image
I is rendered by viewing M̂ from the same viewing angle
V , where in results {I, M̂} becomes the augmented training
pair for learning our 3D reconstruction framework.

IV. EXPERIMENTS

Dataset & Evaluation Metric. We conduct our experiments
by adopting the dataset1 proposed by GenRe [2], in which
this dataset uses the ShapeNet [47] renderings for model
training and testing. In particular, the training set of GenRe
contains only three categories (i.e. car, chair, and airplane),
and there are nine classes (i.e. bench, vessel, rifle, sofa,
table, phone, speaker, lamp, and display) in the testing set
which are disjoint from the ones in the training, for the
specific purpose of evaluating the model generalizability
on unseen classes. The original 3D shapes provided from
GenRe are in format of voxels, we therefore adopt the
Marching Cube algorithm [48] to turn them into meshes for
our experiments. Specifically, each mesh is rendered in 20
random view angles, hence there are 3,000 meshes (1,000
per training class) with their corresponding 60,000 images
for training, and in total 285 meshes with their corresponding
5,700 images for testing. In addition to the meshes from the
original shapes in GenRe dataset, we generate other 6,000
augmented meshes (similarly, each with 20 random views)
via our proposed CvxRearrangement strategy, we hence have
in total 9,000 meshes with 180,000 RGB images to train our
proposed framework for single-view 3D mesh reconstruction.
We follow GenRe to adopt the symmetric Chamfer Distance
(CD) for evaluating the performance of shape reconstruction,
where its computation is based on 1,024 points respectively

1https://github.com/xiumingzhang/GenRe-ShapeHD

sampled from the surfaces of the reconstructed mesh and the
groundtruth target mesh.

A. Evaluation on Unseen Categories

We make comparison with several view-centered single-
view 3D reconstruction baselines: DRC [49] and MarrNet
[50] reconstruct 3D shapes in terms of voxel representation;
[21] (denoted as ”Multi-View”) represents the reconstructed
3D shapes via multi-view depth maps; Pixel2Mesh (P2M) [1]
reconstructs 3D shape via deforming a single ellipsoid mesh
according to the input 2D observation; and GenRe [2] is
the baseline to provide state-of-the-art generalizability for
unseen classes. Noting that, as aforementioned in the related
works, although [24], [23] do provide better performance
than GenRe, we do not include them into comparison due to
their requirement of additional part-level annotations for their
model training. For our proposed framework, we provide
several variants: Ours-P denotes the intermediate primitive-
based 3D reconstruction (K=16 primitives are used) pro-
duced by the primitive composition stage; Ours denotes the
fine-grained shapes estimated by our full model; Ours-Cvx
denotes the model variant which is trained without using
any augmented data generated from CvxRearrangement; and
Ours-Oracle denotes the results produced by our full models
with accessing the groundtruth depth map of input image I .

P2M Ours
bench .044 .039
vessel .038 .030
riffle .026 .021
sofa .049 .039
table .063 .035
phone .038 .032

speaker .061 .045
lamp .051 .036

display .046 .036
chair .055 .038

airplane .028 .022
car .037 .035

cabinet .049 .039
Average .045 .034

TABLE I
RECONSTRUCTION ERRORS IN

TERMS OF CD LOSS (LOWER THE

BETTER) FOR ALL 13 CATEGORIES

SEEN DURING TRAINING. OUR

PROPOSED METHOD ACHIEVES

BETTER RECONSTRUCTION ON

ALL CATEGORIES THAN

PIXEL2MESH (P2M) [1].

<latexit sha1_base64="HIXP0piFYGeVNftb5qC85WhKgvw=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6jHoxYsQwTwwWcLsZJIMmZ1dZnrFsOQvvHhQxKt/482/cZLsQRMLGoqqbrq7glgKg6777Swtr6yurec28ptb2zu7hb39uokSzXiNRTLSzYAaLoXiNRQoeTPWnIaB5I1geD3xG49cGxGpexzF3A9pX4meYBSt9NBG/oRptXw77hSKbsmdgiwSLyNFyFDtFL7a3YglIVfIJDWm5bkx+inVKJjk43w7MTymbEj7vGWpoiE3fjq9eEyOrdIlvUjbUkim6u+JlIbGjMLAdoYUB2bem4j/ea0Ee5d+KlScIFdstqiXSIIRmbxPukJzhnJkCWVa2FsJG1BNGdqQ8jYEb/7lRVIvl7zz0undWbFylcWRg0M4ghPw4AIqcANVqAEDBc/wCm+OcV6cd+dj1rrkZDMH8AfO5w99ipDO</latexit>

P2M

<latexit sha1_base64="+8PULyK+yIji7suWcQb/wCwLYlQ=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6rHoRW8V7Ac0oWy2m3bpZhN2J2IJ/RtePCji1T/jzX/jps1Bqw8GHu/NMDMvSATX6DhfVmlpeWV1rbxe2djc2t6p7u61dZwqylo0FrHqBkQzwSVrIUfBuoliJAoE6wTj69zvPDCleSzvcZIwPyJDyUNOCRrJ85A9YnYrkxSn/WrNqTsz2H+JW5AaFGj2q5/eIKZpxCRSQbTuuU6CfkYUcirYtOKlmiWEjsmQ9QyVJGLaz2Y3T+0jowzsMFamJNoz9edERiKtJ1FgOiOCI73o5eJ/Xi/F8NLPeP4Sk3S+KEyFjbGdB2APuGIUxcQQQhU3t9p0RBShaGKqmBDcxZf/kvZJ3T2vn96d1RpXRRxlOIBDOAYXLqABN9CEFlBI4Ale4NVKrWfrzXqft5asYmYffsH6+Aa3hJIj</latexit>

Input

<latexit sha1_base64="LhvYftL5/orAUnIaXJPXkHRXyHg=">AAAB8nicbVBNS8NAEN3Ur1q/qh69BIvgqSQq6rHoxZsV7AekoWy203bpZjfsTsQS+jO8eFDEq7/Gm//GbZuDVh8MPN6bYWZelAhu0PO+nMLS8srqWnG9tLG5tb1T3t1rGpVqBg2mhNLtiBoQXEIDOQpoJxpoHAloRaPrqd96AG24kvc4TiCM6UDyPmcUrRR0EB4xu021mXTLFa/qzeD+JX5OKiRHvVv+7PQUS2OQyAQ1JvC9BMOMauRMwKTUSQ0klI3oAAJLJY3BhNns5Il7ZJWe21falkR3pv6cyGhszDiObGdMcWgWvan4nxek2L8MMy6TFEGy+aJ+KlxU7vR/t8c1MBRjSyjT3N7qsiHVlKFNqWRD8Bdf/kuaJ1X/vHp6d1apXeVxFMkBOSTHxCcXpEZuSJ00CCOKPJEX8uqg8+y8Oe/z1oKTz+yTX3A+vgHx5JGy</latexit>

Ours

<latexit sha1_base64="SLmHKCZOJOXHnPGbCEST/YKuRYM=">AAAB8HicbVDLSgNBEJyNrxhfUY9eFoPgKeyqqMegBz1GyEuSJcxOepMhM7PLTK8YlnyFFw+KePVzvPk3Th4HjRY0FFXddHeFieAGPe/LyS0tr6yu5dcLG5tb2zvF3b2GiVPNoM5iEetWSA0IrqCOHAW0Eg1UhgKa4fB64jcfQBseqxqOEggk7SsecUbRSvcdhEfMbmrjbrHklb0p3L/En5MSmaPaLX52ejFLJShkghrT9r0Eg4xq5EzAuNBJDSSUDWkf2pYqKsEE2fTgsXtklZ4bxdqWQneq/pzIqDRmJEPbKSkOzKI3Ef/z2ilGl0HGVZIiKDZbFKXCxdidfO/2uAaGYmQJZZrbW102oJoytBkVbAj+4st/SeOk7J+XT+/OSpWreRx5ckAOyTHxyQWpkFtSJXXCiCRP5IW8Otp5dt6c91lrzpnP7JNfcD6+AQZrkJA=</latexit>

GT

Fig. 5. Qualitative examples
of reconstruction on seen classes.
Each column from top to bot-
tom: input RGB image, result from
Pixel2Mesh (P2M), our result, and
the groundtruth target shape.

As the quantitative results shown in Table II, our proposed
method achieves the best performance in terms of the gener-
alizability for reconstructing shapes on unseen classes, even
without fine-grained deformation (i.e. Ours-P), and the im-
provement from Ours-Cvx to Ours clearly shows the benefit
brought by our CvxRearrangement augmentation. Moreover,
we also experiment to additionally provide our augmented
meshes for training Pixel2Mesh (denoted as P2M+Cvx in

https://github.com/xiumingzhang/GenRe-ShapeHD


Table II), where we can see that our CvxRearrangement
successfully boosts the performance of Pixel2Mesh on nearly
all categories thus verifying the effectiveness of our novel
strategy of mesh augmentation for different method. We
also provide some qualitative examples in Figure 6. We
can observe that, though Pixel2Mesh and GenRe seem to
reconstruct reasonable shapes when viewing from the same
view-angle as the input images, their reconstruction for the
occluded parts (i.e. regions which are invisible on input
images) are obviously inconsistent with the target shapes.
In contrast, our proposed model produces more reasonable
shapes even at the back view, as shown in column (i).
Moreover, though our primitive-based representation might
be not well aligned with the expectation by humans, such
representation still contributes to improving the model gen-
eralizability for unseen categories, with all achieved without
leveraging any part annotations.

B. Evaluation on Seen Categories
Here we also provide the comparison on reconstruct-

ing seen classes with respect to Pixel2Mesh [1], which is
among the state-of-the-art methods of view-centered single-
view mesh reconstruction for the classes seen during model
training. Here we follow the same setting as Pixel2Mesh to
conduct experiments on the 3D-R2N2 [3] dataset which con-
tains 3D shapes from thirteen ShapeNet classes. Quantitative
results provided in Table I show that our proposed method
has superior reconstruction performance for all the classes
in comparison to Pixel2Mesh. Some qualitative results are
provided in Figure 5, where we can see that Pixel2Mesh
cannot reconstruct the complex structure such as the thin
chair legs in the left column and the hole structure in the
right column. By contrast, our proposed framework, which
actually models the coarse-to-fine reconstruction procedure,
is capable of well handling these complicated shape as it
regards the mesh as composition of primitives and further
adopts the mesh deformation on each primitive to capture
the fine-grained surface details.

V. CONCLUSION

We propose a primitive-based deformation framework to
reconstruct view-centered meshes from single-view RGB
images, in which it better generalizes to the object categories
that are unseen during training. Moreover, we propose a
novel strategy for 3D mesh augmentation to enrich and
diversify the training data, which is shown to benefit the
performance of different reconstruction models. Experiments
conducted on both unseen and seen categories show the
superior performance and generalizability of our proposed
framework with respect to state-of-the-art baselines.
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Models bench vessel riffle sofa table phone speaker lamp display Average
DRC [49] .120 .109 .121 .107 .129 .132 .141 .131 .156 .127

MarrNet [50] .107 .094 .125 .090 .122 .117 .123 .144 .149 .119
Multi-View [21] .092 .092 .102 .085 .105 .110 .117 .142 .142 .109

P2M [1] .096 .099 .114 .096 .122 .115 .122 .123 .144 .114
P2M+Cvx .097 .091 .107 .093 .118 .109 .111 .115 .135 .108
GenRe [2] .089 .092 .112 .082 .096 .107 .115 .124 .130 .105

Ours-P .085 .078 .097 .082 .105 .090 .105 .103 .122 .096
Ours-Cvx .084 .077 .092 .083 .105 .096 .109 .101 .130 .097

Ours .079 .075 .092 .077 .098 .087 .098 .097 .118 .091
Ours-Oracle .059 .050 .044 .065 .083 .063 .084 .062 .080 .066

TABLE II
QUANTITATIVE COMPARISON IN TERMS OF CD ERRORS FOR RECONSTRUCTING 9 NOVEL/UNSEEN CLASSES. OUR FULL FRAMEWORK ACHIEVES THE

BEST PERFORMANCE ACROSS 8 OUT OF 9 CLASSES THUS SHOWING SUPERIOR GENERALIZABILITY WITH RESPECT TO OTHER BASELINES.
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Fig. 6. Example results for single-view 3D reconstruction for the unseen classes. Each row from left to right: (a) the input RGB image, (b)(c) two views
of Pixel2Mesh [1], (d)(e) two views of GenRe [2], (f)(g) two views of the primitive-based representation predicted by our primitive composition stage,
(h)(i) two views of our full framework, and (j)(k) two views of the groundtruth target shape. Note that for (b)(d)(f)(h)(j) columns we visualize the shapes
from the same viewing perspective as the corresponding input RGB images, while for (c)(e)(g)(i)(k) columns we particularly visualize the shapes from
different view-angles to highlight the difference among various methods.
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