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Abstract—6D object pose estimation from a single RGB-D
image is a fundamental problem in computer vision and robot
manipulation. Despite recent advancements, existing methods still
suffer several limitations. First of all, the object shape repre-
sentation extracted from the depth map is often less expressive
because the object point cloud parsed from the depth map is
highly incomplete due to the object self-occlusion and noisy due
to the sensor artifacts. This shape representation issue further
intensifies when lacking sufficient labeled data for model training,
which unfortunately is another typical problem for object pose
estimation considering the heavy annotation cost for real-world
pose labeling. In this study, we propose to tackle the above
issues in a unified way. First, we enhance the object shape
representation from the partial point cloud with a novel canonical
shape reconstruction module, in which an implicit canonical
frame is established by incorporating the SE(3) equivariance,
achieving implicit feature alignment of the partial point cloud
inputs, leading to robust shape recovery. Second, based on
the enhanced object representation, we further utilize the de-
canonicalized and pose-dependent completed object shape as the
training signal, and develop a novel weakly-supervised learning
framework to leverage both labeled synthetic data and unlabeled
real data to train the pose estimation model in a label-efficient
way. Extensive experiments on three widely used benchmarks
demonstrate the effectiveness, and superiority of our framework
over state-of-the-art methods.

Index Terms—6D object pose estimation, weakly-supervised
training, shape completion in arbitrary poses, SE(3) equivariance.
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Fig. 1: Pipeline comparison. (a) Typical workflow employed
by selféd++ [1] and [2]. The transformed object CAD model is
used to be a supervised signal for network training. (b) Typical
shape completion pipeline. The partial inputs are expected to
be aligned with the ground truth in a fixed canonical frame.
However, it is an ill-posed problem in the pose estimation
task. (c) The proposed weakly-supervised framework. We
simultaneously consider pose estimation and shape completion
in arbitrary poses. We use the pose-independent completed
shape as the supervised signal for network training, showing
promising performance.

I. INTRODUCTION

STIMATING the 6DoF pose of a known object has been

increasingly studied and has been of great importance
in many real-world applications both in computer vision and
robotics, such as robotic manipulation [3], [4], autonomous
driving [5], and 3D scene understanding [6]. Conventional
approaches attempt to design handcraft feature descriptors
extracted from textures’ appearance or geometry structure and
recover pose parameters from feature correspondences [7]—
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[9]. Although promising progress has been achieved, these
methods struggle to work well in challenging scenarios, e.g.,
varying illumination, severe occlusions, and cluttered back-
grounds. Recently, with the prevailing development of RGB-
D cameras and neural networks, learning-based approaches
with RGB-D data inputs have attracted more attention for their
significant performance breakthrough.

However, current methods still suffer from two major limi-
tations. On the one hand, considering the RGB-D data itself,
there are often severe artifacts on the depth maps, e.g., outliers
and incomplete data, due to the inter-and self-occlusions, as
well as reflective surface [10], [11]. Deducing pose parameters
from such data is inadvisable and not robust, leading to signif-
icant accuracy degradation. One feasible solution is to design
advanced feature aggregation methods to get more robust fused
RGB-D features for subsequent pose estimation [12]-[14]. Yet,
this remedial strategy is also problematic in handling large area
data missing. Another promising solution is to adopt shape
completion approaches first, which is a more fundamental and
untrivial task, and also brings interesting research questions:
How to complete the shape and how to use the completed
shape? Previous works have proven that completed shapes
can facilitate pose estimation and robot grasping process
[15]-[17]. Existing point cloud completion methods, however,
cannot be employed directly due to limitations imposed by
prerequisite conditions: the input partial point cloud is required
to be aligned with the ground truth shape within the same
canonical reference frame, which means the partial point cloud
should have the same pose and scale as the completed shape
[18]-[20]. This presents an ill-posed problem in the pose
estimation task, as the objective is to obtain the transformation
between the coordinate systems of the partial and complete
point clouds. Current methods, like [21] and [22], simply
normalize the partial point cloud without considering the
aligned canonical frame or roughly aligned based on the
partial input, resulting in inaccurate shape completion and
pose estimation, leaving much room for promoting. Others,
like [23] and [24], consider 3D shape reconstruction in the
wild relying on the consistency of the multi-view input, while
our method performs single-view-based shape reconstruction,
showing more efficient and promising performance.

Moreover, these data-driven methods are typically fed with
a large amount of annotated data during the training phase,
which imposes extreme workloads in pose label annotations.
Especially for 6D pose estimation, as it requires each RGB-D
frame to be precisely aligned with the CAD models across
a cumbersome process [1], [25]. To address the lack of real
pose labels, a common line of work simply utilizes rendering
tools to generate a huge number of synthetic training images
via the projection of known CAD models in random poses
[12]-[14], [26]. They also leverage large-scale natural image
datasets (e.g., COCO [27]) as rendering background to impose
domain randomization [28]. Nonetheless, although more real-
istic rendering strategies have been made, the performance is
still limited compared to methods training with the real pose
labels due to the domain gap. Other works [1], [29] initially
train the network on large-scale simulated data and then bridge
the domain gap by refining the model on unlabeled real data

in a self-supervised manner. Yet, the customized simulation
procedure and domain gap between synthetic and real data
remain bottlenecks for further performance improvement. Re-
cently, [2] introduced a semi-supervised technique for training
the network through shape point cloud alignment, which shares
some similarities with our approach. However, this technique
does not take into account the artifacts present in the depth
data and is limited by the absence of a color modality, resulting
in performance constraints.

In this paper, we endeavor to tackle these two significant
obstacles in a unified way. As illustrated in Fig. 1, we
propose a novel weakly-supervised framework for 6D object
pose estimation, in which we simultaneously consider shape
reconstruction in arbitrary pose and performance improvement
without any real pose labels during the training phase. To
reconstruct the target shape in different RGB-D frames, we
propose canonicalizing the input partial point cloud to a
fixed implicit reference frame. Specifically, inspired by [30],
taking the mean-centered partial point cloud as input, our
reconstruction module first encodes SE(3) equivalent features
to disentangle the correlations between the shape geometry
representations and the SE(3) pose transformations (e.g., rota-
tion and translation). We then aggregate the instance semantic
features with the extracted global invariant shape features,
which are fed into a GAN-based generator to reconstruct the
completed shape in canonical space. We argue that the implicit
reference frame based on the global invariant shape repre-
sentation can effectively alleviate the feature misalignment
problem under arbitrary poses. Furthermore, to train our model
without using real pose labels, we develop the independent
pose regression branch to compute the pose parameters of
the current frame. It is worth noting that the pose and the
shape information are disentangled from the input partial
point cloud, which means our network can be trained from
a natural gradient backpropagation path based on the pose-
dependent geometry distance. Concretely, we directly train our
model by minimizing the geometry distance between the input
partial point cloud and the reconstructed shape transformed by
regressed pose parameters. In addition, to bridge the domain
gap, we utilize a sim-real joint learning strategy as in [31]. In
summary, the main contributions of this work are:

« We propose a unified and effective framework for weakly-
supervised 6D object pose estimation, simultaneously
tackling shape completion for objects in arbitrary poses
and boosting training performance without the need for
real pose labels.

o« We present an effective shape completion module, in
which we leverage the SE(3) equivariance to establish
the aligned implicit reference frame. This module is well-
suited for pose-variant shape completion and has shown
promising results.

« We conduct extensive experiments on three well-
acknowledged benchmarks, YCB-Video [32], LineMOD
[33], and Occlusion LineMOD [34]. Our method achieves
dramatic performance improvements over other state-of-
the-art methods without any post-refinement procedures.
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Fig. 2: Overview of our method. The foreground object mask is first obtained by the off-the-shelf instance segmentation
network. With the detected mask, our framework takes the cropped image patches as input. For pose estimation, a multi-
modality point-wise encoder is employed to obtain the fused RGB-D features and then fed into two separate prediction heads
to regress pose parameters. The shape reconstruction module takes the mean-centered partial point cloud as input and generates
the global invariant features. By incorporating the fused features, the canonical shape can be recovered from a GAN-based
generator. The network is trained by minimizing the geometry distance between the canonical shape and the partial input.

II. RELATED WORK

A. Pose Estimation with Real Pose Annotations.

In this line of work, methods [35]-[40] mainly focus on
learning robust color and geometry fused embeddings and
then feeding it into prediction heads to regress the final pose
parameters directly. Densefusion [12] and its extensions [35],
[41] predict pose parameters with a novel pixel-wise dense
fusion module, achieving promising results. In these methods,
the real pose labels are directly regarded as the supervision
signal to update network parameters. Tian et al. [36] propose
an improved anchor-based pose regression approach based on
dense RGB-D features, boosting the robustness of the model.
Another group of methods [13], [14], [42], [43] employs
the correspondence-based strategy, in which keypoints on the
target object are first detected, and then establish 2D-3D or
3D-3D correspondences by the keypoints feature matching.
The final pose results are recovered by using the PnP or
Least-Squares Fitting algorithm. In the training phase, the
predefined keypoints calculated by the real pose labels are
utilized as training signals for the network. Although achieving
significant performance improvement, these methods heavily
rely on large amounts of real annotated pose labels to train the
networks. In contrast, our method can also achieve comparable
performance without using real pose labels for training.

B. Pose Estimation without Real Pose Annotations.

In this setting, classical methods [1], [29] mainly employ
the coarse-to-fine strategy. SelféD [29] proposes to train the
network merely by using the synthetic RGB dataset first
in a fully-supervised manner and refining it on unlabeled
real data via self-supervision. [2] also follows this scheme
but further introduces a new shape-alignment self-learning
method when refining the network on the unlabeled real data.
DSC-Posenet [44] proposes a two-stage method, which first
generates the pseudo masks for the real data and uses the
dual-scale consistency loss to predict the keypoints by self-
supervised training. Other approaches attempt to annotate
the real data automatically. [45] develops an effective self-
labeled framework, in which a robot manipulator is utilized to
interact with objects in scenarios and annotate the pose labels
iteratively. [46] introduces an iterative self-training method,
which employs a teacher-student network architecture to col-
lect labels on real data, achieving promising performance.
Recently, [31] presents a new sim-real joint-learning method,
in which an effective hybrid training loss is designed, show-
ing significant performance improvements in the real data.
Inspired by this, our unified weakly-supervised framework can
not only complete the partial point cloud accurately at arbitrary
pose, but also achieve better performance without real pose
labels.



C. Point cloud Completion Approaches

Point cloud completion is a fundamental task in 3D vi-
sion. As a classical framework, PCN [18] proposes the
first learning-based completion framework, which adopts an
encoder-decoder architecture and generates the completed
shape from the pooled global representation by FoldingNet
[47]. Following this line, several methods [48]-[52] mainly
focus on developing hierarchical structures and refinement
procedures to pursue detailed completion in higher resolution
with better robustness. Recently, PoinTr [19] utilizes the
transformer architecture to perform the set-to-set mapping for
predicting the missing point proxies. SVDFormer [53] uti-
lizes multiple-view depth images to perceive missing regions,
achieving promising performance. However, these methods
cannot be directly deployed to target object completion in the
pose estimation task, due to their fixed explicit reference frame
prerequisites for both partial and completed point cloud. Our
method achieves accurate completion performance by utilizing
the implicit reference frame to ensure the feature consistency
of different partial inputs in arbitrary poses.

III. METHODOLOGY

The goal of 6D object pose estimation is to estimate the 6D
pose of a set of known objects in a given RGB-D image of a
test scenario. Specifically, the 6D pose is represented by a rigid
transformation matrix 7' € SE(3), which consists of a rotation
R € SO(3) and a translation ¢ € R3. It denotes the relative
transformation between the object coordinate system and the
camera coordinate system. Different from the fully-supervised
approaches, we consider the problem of pose estimation of
known objects without real pose labels in this work.

A. Overview

Fig. 2 illustrates the pipeline of our method. We propose
a weakly-supervised framework for instance-level object pose
estimation. Given an RGB-D image I = (I, € RF>*W>3 1, €
R>W) for a scene, where (H,W) denotes the size of images,
we first utilize the object detector to segment each object
and obtain the cropped RGB-D image patch Ip = (I, e €
RH,XW/”,Iod € RH/XW,) of the target object. With the camera
intrinsic matrix, we convert the cropped depth image I, 4 into
a point cloud P, € RV*3 as inputs to the subsequent pose
estimation network, where N denotes the number of points.
Taking the cropped RGB image I, and the object point
cloud P, as inputs, our multi-modal encoding network extracts
color and geometric features in two separate network branches,
and then aggregates these cross-modality features densely in a
pixel-wise manner. The dense fused features are then fed into
two prediction heads for rotation and translation parameters
regression. To train our networks in a weakly-supervised
fashion without any real pose labels, we further introduce
the canonical shape reconstruction module which can rebuild
the completed shape of the target object in arbitrary pose.
Our shape reconstruction module takes the mean-centered
observed object point cloud P, as input, utilizing a rotation-
and translation-aware encoder to learn the SE(3) equivariant
features. By combining the dense pixel-wise fused features

and the global invariant features, the canonical shape O, can
be reconstructed by a point cloud generation network, G-Net.
We first perform the de-canonicalization procedure with the
reconstructed canonical shape, i.e., shape size rescaling. Then
it is transformed to the new position and orientation O under
the camera coordinate system by using the regressed pose
parameters. The training loss is computed between O and
P, by using the unidirectional chamfer distance to update pose
parameters. The details of our framework are described below.

B. Canonical Shape Reconstruction via SE(3) Equivariance
Learning.

Most existing shape completion methods are devoted to
learning a mapping that predicts a full shape or the rest
of structures from the observed partial input. However, this
partial-to-completed mapping has a strong precondition. That
is, it expects the partial input to be in a fixed canonical
coordinate system as same as the completed object shape
[19], [51], [52]. Such a premise is contradictory to the pose
estimation task since the observed partial object point cloud is
indeed in the camera frame. In other words, the ’partial’ and
"completed’ point cloud have different poses and scales, which
are struggling to be handled by existing point cloud completion
framework. To overcome this obstacle, we introduce a method
to address this ill-posed shape completion problem under
arbitrary poses by incorporating SE(3) equivariance. Given
a point cloud X = {x;} € RV*3, considering 3D translation
t € R® that moves X to X'. The definition of translation
equivariance is:

O (x1) = 9p (xi +1) = Ty [ (x:)] = r(xi), ()

where T; denotes identity mapping and the feature (b} for one
point x; is invariant under any translations. For any v € SO(3)
that rotates X to X", the rotation equivariance ensures the
extracted features will be transformed according to v. In other
words, it satisfies:

Opr (i) = O (v-xi) = v-Tr[@s (xi)] = v-9p(xi), (2

By integrating these two equivariance, we can get a rotation-
and translation-equivariant transformation Ts in G € SE(3),
where G is a subgroup of SE(3) since the SO(3) rotation
space is used to discretized into the icosahedron rotation group
for a discrete approximation particularly [54], [55]. Intuitively,
given an observed partial point cloud with an arbitrary pose
0; = [Ri|t;] € ¥, where ¥ is a set of pose matrix in a fixed
frame, we can obtain consistent equivariant features by means
of SE(3) equivariance encoding without considering the effect
of feature space distortion caused by rotation.

Having the SE(3)-equivariant representation is crucial for
the subsequent reconstruction of the canonical shape. In order
to extract the SE(3)-equivariant features from the point cloud
in arbitrary poses, we first normalize the observed partial point
cloud P, in a unit sphere with the mean-centered coordinates
(P, — P)). Based on the normalized shape coordinates, we
further extract the pose-independent implicit geometry em-
beddings for shape representation. Specifically, without loss
of generality, we resort to the classic Tensor Field Networks



(TEN) [56], [57] to implement our backbone network &P
to extract SE(3)-equivariant features F,q € RS*C = @(P),
where S denotes number of Fibonacci sphere sampling and
C is channel dimension (S, C are set to 64 and 128 in
our experiments respectively). The TFN is a general feature
learning neural network for 3D point clouds that leverages
tensor representations to capture geometric and topological
information. It maps the point cloud to feature space under the
constraint of SE(3)-equivariance, i.e., outputs the rotationally
equivariant and translationally invariant features, which means
the TEN is locally equivariant to 3D rotations, translations,
and permutations of the 3D points at each layer. In compu-
tation, the TFN takes the point cloud X = {x;} € R¥*3 as
input, the output of each layer at x; is given by: Ffm?i =
ZkZOZ:?:l(W’/k(xj fx,')lf“/;,’j), where [,k € N is the rotation
order (aka type), W'k : R3 — RE+Dx(2k+1) s 3 learnable
weight kernel, mapping the k-rotation-order features to (-
rotation-order features. The produced global features F(f;”,i
satisfy the equivariance property. In this way, we can map
the observed object point cloud in arbitrary poses to an
equivariant feature space, which serves as the foundation
for the subsequent shape reconstruction procedure. For more
details, please refer to [56]-[59]. Our goal is to reconstruct
the canonical shape of the target object, which means that
the reconstructed shape should be invariant to arbitrary SE(3)
transformation of the input P,. To this end, we propose to learn
a function mapping ¢ that generates a SE(3)-invariant feature
Fy, 1.e., @ : Foyy — Fiyy, and we have:

Foy = @(D(P))) = @(@(Turp[P)])), ¥ Turp € SE(3),  (3)

Specifically, we propose to implement ¢ with an MLP-based
architecture, and then employ a max-pooling layer to obtain a
global SE(3)- and permutation-invariant feature Fj,,:

Fyy € R1C = MAX (MLPs(®(F)))), 4)

where MAX denotes the max-pooling operation. Afterward, we
employ the invariant feature Fj,, as an implicit representation
for shape consistency, which facilitates the subsequent canoni-
cal shape reconstruction process. Concretely, to enhance shape
feature representation, we first concatenate the fused RGBD
features Fyopq (see Sec. 1II-C) with the invariant feature F,.
After passing through two fully connected layers, we employ
a point cloud generation network, G-Net, which specifically
leverages the generator architecture from tree-GAN [60]. Tree-
GAN is a GAN-based network designed for 3D point cloud
generation, comprising a graph convolutional generator and a
discriminator, akin to the architecture utilized in r-GAN [61].
G-Net generates the canonical shape O, € R¥*3 by taking
these fused features as input, as formulated below:

O = G-Net(MLP(F,gpq ® Finy)), S

C. Object Pose Estimation with Dense Aggregated RGBD
Features

Taking the preprocessed object image patch I, o, € RI>W>3
and the observed object point cloud P, € RV*3 as input, we

establish an end-to-end with two separate feature extraction
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Fig. 3: The architecture of color and geometry feature encod-
ing. The DFTr [14] and Densefusion [12] blocks are employed
for RGB-D feature aggregation.

branches (i.e., color and geometric) network to predict rotation
R and translation ¢ independently. Concretely, we use a fully
convolutional architecture based on PSPNet [62] to extract the
appearance features, in which a pre-trained ResNet34 [63] is
used as the encoder with the pyramid pooling modules in the
last encoding layer. Then three-level upsampling modules with
a final convolutional layer are utilized as the decoder. For
geometric feature learning, three-level edge convolution op-
eration (EdgeConv) proposed by DGCNN [64] are employed
recurrently to map each point of the P, into a D-dimensional
feature space. Between these two branches, we employ the
deep fusion transformer (DFTr) block proposed by [14] for
better cross-modality features aggregation, and then utilize the
densefusion module [12] to get dense fused RGBD features
Fyepq for subsequent pose prediction, as shown in Fig. 3.
Given the dense fused RGBD features Fgpq, we utilize
two prediction heads to regress the rotation and translation
parameters respectively. Considering that the translation is a
dense prediction task, we insert additional geometric features
Feeo into the translation prediction head to enhance the rep-
resentation of spatial geometry information, and concatenate
it with the high-level dense fused RGBD features, as in [36].
Then we propose to regress the transformation matrix between
the canonical frame and the camera frame directly by using
MLP-liked architectures. Let 754 be the transformation from

cam
the camera frame to the canonical frame. Thus we have:

Team = Tean' + Team = PRED(firans),

can cam

(6)

where PRED;(-) is the prediction head, 57 denotes the
transformation from canonical frame to object frame obtained
in object model canonicalization process, and ZZ}Z{ is obtained
from the rendering process. To alleviate the problem of non-
linearity of rotation space [26] and the issue of local optimum
during the training process caused by symmetric objects [65],
we employ an anchor-based approach proposed by [36] for ro-
tation regression. Specifically, we utilize the icosahedral group
(N=60) [66] to sample the whole SO(3) space uniformly,
where N is the number of anchors. Then the rotation branch
predicts a deviation AR? for each rotation anchor R;. The
completed rotation matrix R; for i-th anchor is computed by:

Ri = AR R}, )



We leverage the unit quaternion (4D) for rotation representa-
tion [67]. For each predicted rotation hypothesis R;, we use
an additional head to output a confidence score ¢; € [0, 1]. The
hypothesis with the highest confidence score will be selected
as the final rotation parameter during the inference phase.

D. Weakly-Supervised Training and Framework Inference

Unlabeled real data training. Given the reconstructed
canonical shape O., we train our network in a weakly-
supervised manner without any real pose labels. Note that O,
has a fixed initialized pose information T,? as same as the
known object CAD model, which means we can utilize the
deviation pose AT; between Tlﬁ) and the target pose Tlﬁar to
backpropagate gradient. Consequently, we directly calculate
geometry distance loss between the transformed canonical
shape and the observed partial input point cloud to train our
network. Specifically, we first rescale the reconstructed canoni-
cal shape for de-canonicalization, and then transform it into the
camera frame by the regressed rotation R, and translation 7.
Due to the incompleteness of the observed input P,, evaluating
the consistency between these two point clouds directly cannot
accurately reflect the quality of the predicted pose. To mitigate
this issue, we employ the unidirectional chamfer distance
(UCD) as in [68] to compute the geometry distance, enforcing
each point in P, finds a corresponding point in the transformed
canonical shape OT. Formally, we have:

Z min |pl P/H27
pi€P, Pi€ eof

Igeo —‘QUCD(PO;O ) (8)

|Po|

where OLT. = SRy¢gO¢ + 1y, s denotes the normalization scale
obtained from the object CAD model. In the canonical shape
reconstruction branch, we use the normalized object CAD
model O} for supervision. The normalized model is centered at
the origin and scaled to fit within the unit sphere, as described
in [69], [70]. Concretely, to improve the reconstruction quality
of the canonical shape, we leverage the density-aware chamfer
distance (DCD) [71], which effectively resolves the issue
of non-uniform point cloud density inherent in standard CD
metric, formulated as follows:

Lree = dpep(00,00) =1 [ 2(1—CZY)+ Loy -
rec —¢DCD\Yc, V¢ 72 ‘Oc|x€05 ny ‘Oz yeo: ng

(C)]

where Z, = —at||x —J||2, Z, = —al||ly—£[]2. @ is a tempera-

ture scalar and £(¥) = min,(,)co.(0z)|[*(y) = ¥(x)]2, for more
details, please refer [71]. For real data training loss, we have:

Lreal = ngeo + GEreca (10)

To train our network in a more stable way, in the training
phase, we first pretrain our pose estimation branch on the
synthetic dataset and then utilize a sim-real joint learning
strategy as in [31] to train our entire model.

Synthetic data training. Specifically, we supervise the
rotation and translation prediction separately, formulated as
follows:

N

L; N
Lot = Z (dl 'Ci_w'log(ci)> s oLira = ||treg_treg||7 (11
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Fig. 4: Illustration of the image patch preprocessing. (a) Image
padding. (b) Cropped based on the relocated bounding box.
Type of cropping: (I) Without resizing. (I) Resizing directly.
(III) Ours.

where L; denotes the ShapeMatch-Loss [36], [65] of each
R;, d is the object diameter, w is hyperparameter, f, is
the ground truth translation. Moreover, a regularization loss
[36] is employed to constrain the orthonormality of R;, i.e.,

Loy =YV, max(O,mggc(qi,cjﬁ —{qi,gi)). The total synthetic
J7Fl

data training loss is formulated as:

BCsyn = Aflofmr + )~2°Ctra + A&Sforta (12)

where A;_3 denotes the balance hyperparameters, we set A| =
1.0, A, = 5.0, A3 =2.0 in our experiments.

Overall loss function. The total sim-real joint training loss
in each batch is formulated as:

Nsvn

=Y L

yn Jj=1

LY
real +
Nreal i=1

L= 13)

where N,.q and Nyy, are the number of training samples in
each batch. Note that £}, and Ly, only work on correspond-
ing data (real and synthetic) respectively in training stage.

Framework inference. Upon completion of training, given
the RGB-D images of the test scene, our model will produce
three outputs, i.e., the pose parameters (rotation R, and
translation #,,) of the target object from the pose estimation
branch, and the reconstructed complete shape of the target
object from the canonical shape reconstruction branch. The
acquisition of the pose parameters is our ultimate objective,
while the reconstructed shape of the target object can be
regarded as an ancillary output of our framework.

E. Implementation and Training Details

Similar to other segmentation-driven methods [72], the
instance segmentation and the subsequent pose estimation
are disentangled. We first segment the objects of interest in
the image by using an off-the-shelf network (e.g., Segment
Anything [73]). After that, we crop the target object from the
RGB-D image based on the segmentation results. However,
the size of the cropped image patches varies due to the shape
of each object, which will bring about some complications for
the network. The first problem is that the training batch size
is limited to 1, which would hinder the performance of the
network and bring instability to the training process. Another



one is that the training speed would be restricted greatly due
to the batch size.

To address these obstacles, a naive solution is to directly
reshape these patches to a fixed size (e.g., 192 x 192), but
such a process would cause the object to undergo dramatic
deformation and degrade the performance of the network. To
this end, as shown in Fig. 4, we propose to utilize a center-
fixed strategy to maintain the contour of objects during the
resizing process. Specifically, let b = (Cmin, Cimaxs Fmin, Fmax) b€
the detected bounding box on the raw image. We first pad the
raw image based on its longer edge and then compute new
coordinates b’ of b in the padded image Ifgb, which are as
follows:

SH

)
2 Ln‘ll”f14)
where bb.; and bb., denote x,y coordinates of the bounding
box center in Irpgb, W and H denote the target size (W =
H =192 in our experiments). I = 1 if Emin(Pmin), else -1.
& is a crop parameter that is the minimum value between
length of the longest edge of &’ and the distance between the
object center and the boundary of Igb. Liin is the larger value

Cmin(max) = bbex+1- 2L s Pmin(max) = bbc)’ +1-
min

between W and A. With the equation (14), we can ensure
that the object center always aligns with the image center,
thereby achieving non-deformation of the bounding box during
the resize operation. We will show that our straightforward
yet effective strategy yields noticeable enhancements in both
accuracy and training speed in the experiments.

The size of the input RGB image is 480 x 640 x 3. For each
object, we reshape the cropped image patch to 192 x 192 by
our algorithm and randomly sample 1024 points on the depth
map as the input of our framework. The number of points
N, for the generated canonical shape O, is set to 2048. We
exclusively employ the pretrained ResNet34 [74] in our CNN
encoder during training, without utilizing any other pretrained
models. To ensure a stable training process, we first pre-train
our pose prediction network on the synthetic dataset for 15
epochs with the supervised loss -Lsy, and then jointly optimize
the entire model with the unlabeled real data for 30 epochs.
In Eq.13, For each batch, we sample 16 synthetic samples
and 4 real samples. The network is trained by the Adam
optimizer with the cyclical learning rates adjustment schedule
[75] on two NVIDIA 3090 GPUs, taking approximately 35
epochs (about 5 hours) to reach optimal performance for each
category.

IV. EXPERIMENTS AND RESULTS
A. Experiments Settings

Datasets. We evaluate our method on three widely used
benchmark datasets, i.e., YCB-Video [32], LineMOD [33]
and Occlusion LINEMOD [34]. Specifically, YCB-Video [32]
contains 21 objects with various textures and shapes, and the
well-annotated RGB-D images are captured from 92 videos
in varying scenes. We follow prior works [13], [14], [65] to
split the training/testing set. LineMOD [33] includes 13 low-
textured objects with diverse shape structures. The texture-
less surfaces and varying illumination as well as the cluttered

scenario make quite a challenge. The standard training and
testing set is split as in [26], [65]. Occlusion LINEMOD
[34] contains a subset of LINEMOD datasets collected by
additionally annotating. The multi-objects with heavy occlu-
sion in the complex scenes make the pose estimation a great
challenge. For a fair comparison, we use the physically-based
rendered (PBR) synthetic and unlabeled real data from the
BOP benchmark [80] for network training, in alignment with
existing methods.

Evaluation Metrics. We use two standard metrics to eval-
uvate our method (i.e., Average Distance of Model Points
(ADD) [81] and Average Closest Point Distance (ADD-S)
[65], designed for asymmetric and symmetric objects respec-
tively. Concretely, the ADD (ADD-S) metric computes the
mean (closest point) distance between the object point sets
transformed by the estimated pose and the ground truth pose
respectively. For the YCB-Video datasets, we report the area
under the ADD-S and ADD(S) curve (ADD-S and ADD(S)
AUC) and the ADD-S smaller than 2 centimeters (ADD-
S<2cm) following [12], [13], [65]. For the LineMOD and
Occlusion LineMOD datasets, we report the ADD distance
less than 10% of the object’s diameter (ADD-0.1d) as in [26].

B. Comparison With State-of-The-Art Methods.

Performance on the YCB-Video dataset. In Tab. I, we first
evaluate our method on YCB-V and compare it with other
state-of-the-art methods. Our method achieves better perfor-
mance compared with self6D++ [1] and makes 1.2% and 3.0%
improvements on ADDS and ADD(S) metrics respectively
in terms of average accuracy. Since there are few evaluation
results on the YCB-V dataset, we also compare our method
with other RGB-D based methods trained with real pose
labels. In particular, our model surpasses Densefusion [12] on
both three metrics (i.e., ADDS, ADD(S), and ADD-S<2cm)
and achieves comparable performance compared with other
approaches, without any usage of post-refinement procedure
(e.g., ICP [82]). These experimental results demonstrate the
effectiveness of our proposed network. Moreover, we provide
qualitative comparison results on the YCB-V dataset in Fig.
5a, in which our method performs better performances with
robustness to occlusion both for symmetric and texture-less
objects, demonstrating its effectiveness.

Performance on the LineMOD dataset. We then evaluate
our method on the LineMOD dataset in Tab. II. Overall,
our proposed method significantly outperforms other existing
methods trained on unlabeled real data, achieving the best per-
formance (96.0%) in terms of average accuracy. Specifically,
our model achieves 7.5% and 1.8% performance improvement
compared with self6D++ [1] and [2] respectively. In addition,
compared with the latest RGB-based approaches, our model
surpasses SMOC-Net [77], TexPose [78] and [79] by 4.7%,
4.3% and 3.8% respectively. For comparison with the fully-
supervised approach, our proposed method also outperforms
Densefusion [12] and NVR [40] by 2.7% and 1.7% respec-
tively, showing promising performance.

Performance on the Occlusion LineMOD dataset. To
analyze the robustness of our method against severe occlusion,



TABLE I: Quantitative comparison results without post-refinement on the YCB-Video benchmark. We report the ADD-S AUC,
ADD(S) AUC, and ADDS <2cm metrics. Symmetric objects are in bold. DF (per-pixel) means DenseFusion (per-pixel) [12].

Supervision ‘ w/ Real Pose Labels ‘ w/o Real Pose Labels
Methods DF (per-pixel) [12] PVN3D [42] FFB6D [13] Self6D++ [1] Lir} et Zholu Ours
al. etal.
[76] [2]

\ ADDS \ ADD(S)‘ <2cm \ ADDS \ ADD(S)‘ <2em \ ADDS \ ADD(S)‘ <2cm \ ADDS \ ADD(S)‘ ADD(S)‘ ADDS \ ADDS \ ADD(S)‘ <2em
002 master chef can 95.2 707 | 1000 | 960 80.5 | 1000 | 963 80.6 100.0 88.8 8.4 - 954 91.0 684 | 1000
003 cracker box 925 86.9 99.3 96.1 94.8 1000 | 963 94.6 97.0 942 84.9 - 88.6 87.3 69.9 89.3
004 sugar box 95.1 90.8 1000 | 97.4 96.3 1000 | 976 96.6 100.0 95.8 88.0 - 953 95.6 87.9 100.0
005 tomato soup can 93.7 84.7 96.9 96.2 88.5 98.1 95.6 89.6 972 90.8 794 - 93.6 94.2 79.2 99.2
006 mustard bottle 95.9 909 | 1000 | 975 962 | 1000 | 97.8 97.0 98.9 98.6 92.7 95.8 96.8 93.2 839 | 100.0
007 tuna fish can 94.9 796 | 1000 | 96.0 89.3 1000 | 9658 88.9 100.0 97.5 89.7 90.4 96.2 94.2 787 | 1000
008 pudding box 94.7 89.3 1000 | 97.1 95.7 1000 | 97.1 94.6 100.0 98.4 93.9 - 89.7 923 81.0 | 1000
009 gelatin box 95.8 95.8 1000 | 977 96.1 1000 | 98.1 96.9 100.0 94.0 83.9 - 96.0 97.3 94.1 100.0
010 potted meat can 90.1 79.6 93.1 933 88.6 94.6 94.7 88.1 97.9 893 757 - 90.1 86.9 63.0 96.4
011 banana 91.5 76.7 93.9 96.6 93.7 1000 | 972 94.9 96.1 98.5 91.8 52.5 932 85.6 68.8 76.0
019 pitcher base 94.6 87.1 1000 | 974 96.5 1000 | 976 96.9 100.0 98.9 92.1 - 96.6 90.2 745 100.0
021 bleach cleanser 943 87.5 99.8 96.0 932 | 1000 | 9638 94.8 98.2 93.5 84.5 - 92.0 93.9 817 | 1000
024 bowl 86.6 86.6 69.5 90.2 90.2 80.5 96.3 96.3 78.8 89.1 89.1 - 874 84.8 84.8 72,9
025 mug 95.5 83.8 1000 | 976 95.4 1000 | 973 942 100.0 94.1 814 65.6 96.7 93.8 86.1 100.0
035 power drill 924 837 97.1 96.7 95.1 1000 | 972 959 98.2 952 842 81.0 91.6 94.6 880 | 100.0
036 wood block 85.5 85.5 93.4 90.4 90.4 93.8 92.6 92.6 99.4 783 783 - 89.8 92.1 92.1 99.2
037 scissors 96.4 774 | 1000 | 967 92.7 1000 | 977 95.7 98.3 69.2 452 - 81.7 95.6 897 | 100.0
040 large marker 94.7 89.1 99.2 96.7 91.8 99.8 9.6 89.1 100.0 87.5 74.6 - 973 95.9 859 | 100.0
051 large clamp 71.6 71.6 78.5 93.6 93.6 93.6 96.8 96.8 100.0 79.2 79.2 - 720 95.5 95.5 100.0
052 extra large clamp | 69.0 69.0 69.5 88.4 88.4 83.6 96.0 96.0 992 87.3 87.3 - 65.7 91.0 91.0 99.4
061 foam brick 924 924 1000 | 9658 96.8 1000 | 973 97.3 100.0 95.5 955 - 939 94.1 94.1 100.0
ALL | o12 | 829 | 953 | 955 | o918 | 976 | 966 | 927 | os1 | ort | 800 | - | 909 | 923 | 830 | 968

TABLE II: Quantitative evaluation in terms of ADD(S)-0.1d metric on the LineMOD dataset.

Symmetric objects are in bold.

* denotes RGB only based method. { denotes depth (D) only based method.

Supervision ‘ w/ Real Pose Labels ‘ w/o Real Pose Labels

Training data | RGB-D | RGB | RGB-D

Methods ‘ NVR ‘ DenseFusion | FFB6D ‘ DFTr- ‘ DSC [44] ‘ SMOC-Net| TexPose ‘ Hai et al. ‘ Self6D ‘ Lin et al. ‘ Self6D++ zhou et ‘ Ours

[40]* [12] [13] Net [14] [77] [78] [ [29] [76] [1] al. [2]1

ape 83.3 923 98.4 98.6 312 85.6 80.9 81.9 389 67.5 75.4 91.7 97.4
benchvise 98.8 93.2 100.0 100.0 83.0 96.7 99.0 95.0 752 99.9 94.9 95.8 99.9
camera 94.9 94.4 99.9 100.0 49.6 97.2 94.8 94.2 36.9 87.4 97.0 96.7 95.3
can 98.2 93.1 99.8 100.0 56.5 99.9 99.7 96.8 65.6 99.2 99.5 88.8 94.4
cat 95.4 96.5 99.9 100.0 57.9 95.0 92.6 95.4 57.9 94.3 86.6 99.1 99.8
driller 98.3 87.0 100.0 100.0 73.7 100.0 97.4 94.8 67.0 97.6 98.9 97.3 99.5
duck 85.2 923 98.4 99.1 313 76.0 83.4 83.5 19.6 67.2 68.3 80.8 92.0
eggbox 99.9 99.8 100.0 100.0 96.0 98.3 94.9 93.9 99.0 98.9 99.0 100.0 94.5
glue 99.6 100.0 100.0 100.0 63.4 99.2 93.4 96.5 94.1 96.2 96.1 100.0 100.0
holepuncher 91.5 92.1 99.8 100.0 38.8 45.6 79.3 84.5 16.2 49.9 41.9 94.4 97.5
iron 98.6 97.0 99.9 99.9 61.9 99.9 99.8 94.9 77.9 99.5 99.4 88.8 99.8
lamp 99.6 95.3 99.9 100.0 64.7 98.9 98.3 94.8 68.2 99.8 98.9 96.7 98.1
phone 94.8 92.8 99.7 99.6 54.4 94.0 78.9 94.1 50.1 91.5 943 96.1 923
MEAN | 953 | 94.3 | 997 | 998 | s86 | 913 | 917 | 922 | 589 | 84 | 85 | 942 | 970

we further evaluate it on the Occlusion LineMOD dataset,
and present the quantitive comparison of the state-of-the-art
methods and our network. As shown in Tab. III, our method
consistently achieves the best mean performance in terms of
ADD(S) AUC (67.4%) compared with other existing methods.
Concretely, our model advances selféd++ [29] and [2] by
2.7% and 11.6% respectively, and achieves 0.7%, 2.0% and
4.1% accuracy improvements compared with the RGB-based
method TexPose [78], [79] and SMOC-Net [77]. In partic-
ular, our approach outperforms the fully-supervised methods
NVR [40], DGECN++ [43] and FFB6D [13] by 10.8%, 7.5%
and 1.2% respectively, highlighting its superiority and robust-
ness towards occlusion. Qualitative comparison results in Fig.
5b also demonstrate the effectiveness of our approach, and

substantiate the superiority of our method in robustly handling
varying occlusions compared with selfod++ [29]. We argue
that the decoupling of shape and pose information and precise
shape reconstruction can effectively alleviate the ambiguity of
pose perception in the local-to-global pose prediction process.

C. Ablation Studies.

To justify the design choices of our method, we conduct
comprehensive ablation studies to explore the influence of
individual components.

Effect of image patch processing algorithm. To investigate
the influence of the image patch process method employed
by our framework, we conduct comprehensive comparison
experiments on the LineMOD dataset. In detail, we compare



TABLE III: Quantitative comparison of ADD(S)-0.1d on the Occlusion-LineMOD benchmark. Symmetric objects are in bold.
* denotes RGB only based method. { denotes depth (D) only based method. Our method achieves the SOTA performance in

terms of average accuracy.

77.7

63.3

65.4

Supervision w/ Real Pose Labels | w/o Real Pose Labels

Training data RGB-D | RGB | RGB-D

Methods ‘ NVR ‘ DGECN++ ‘ PVN3D ‘ FFB6D ‘ DFTr-Net ‘ DSC [44] ‘ SMOC-Net ‘ TexPose ‘ Hai et al. ‘ Self6D ‘ Lin et al. ‘ Self6D++ ‘ zhou et al. ‘ Ours

(401 [43] [42] [13] [14] (771 [78] [791 [29] [76] (1 (21t
ape 43.1 52.1 339 472 64.1 9.1 60.0 60.5 60.1 13.7 40.3 59.4 50.4 64.2
can 82.9 76.3 88.6 85.2 96.1 21.1 94.5 93.4 94.2 432 75.2 96.5 49.2 84.1
cat 27.2 275 39.1 457 522 26.0 59.1 56.1 56.5 18.7 35.0 60.8 30.2 40.2
driller 69.7 78.3 78.4 81.4 95.8 335 93.0 92.5 89.7 325 68.5 92.0 59.5 86.1
duck 44.2 55.2 41.9 539 72.3 12.2 37.2 555 30.9 14.4 25.7 30.6 40.6 573
eggbox 49.7 62.3 80.9 70.2 75.3 39.4 48.3 46.0 58.1 57.8 44.7 511 76.3 61.4
glue 74.3 66.6 68.1 60.1 79.3 37.0 89.3 82.8 88.9 543 60.7 88.6 75.9 81.3
holepuncher 61.7 60.6 74.7 85.9 86.8 20.4 25.0 46.5 44.2 22.0 28.0 38.5 68.6 64.2
\ \ \

MEAN | 566 | 599 | 632 | 662 | 248 |

6.7 | 20 | 473 | 647 | 558 |

TABLE IV: Effect of components of the loss functions in terms of ADD(S)-0.1d metric on

LineMOD benchmark.

°[syn L real

Object

Models Mean
Lyorstrans Lot Lree  Lgeo  Ape  Bvise Cam  Can Cat  Drill Duck Eggbox* Glue* Holep Iron Lamp Phone
ny v 219 265 24 5.1 13.6 179 1.6 23.0 384 0.0 254 1.3 18.7 15.1
n, v v 36.3  40.1 8.9 8.4 194 287 2.3 39.4 44.6 7.6 37.0 54 26.4 234
ms v 66.3 78.9 21.8 280 439 568 25.1 66.8 91.1 38 78.2 18.8 74.5 50.3
My v v 634 748 29.0 201 379 612 347 79.6 94.2 4.9 65.5 21.3 82.0 51.4
ms v v 76.5 83.6 712 69.1 882 859 634 84.2 97.9 59.4 85.7 69.4 84.6 78.4
Mg v v v 83.1 80.9 794 773 80.6 87.0 71.2 89.7 98.3 78.1 81.9 77.6 86.0 82.4
mg v v vt 86.5 93.7 82.0 91.6 922 89.0 85.4 92.7 99.8 86.6 88.9 91.2 88.5 89.9
ny v v v 96.3 97.4 91.8 946 954 978 86.6 91.0 99.9 90.3 96.8 89.9 93.1 93.9
Mg v v v v 974 999 953 944 998 995 920 94.5 100.0 97.5 99.8  98.1 92.3 97.0

TABLE V: Quantitative comparison of varying image patch
processing strategies. Our method achieves the best perfor-
mance with or without refinement (ICP) compared with the
other two representative schemes, showing its effectiveness.

w/oICP | W/oResize | Resize Directly | Ours
Mean | 819 | 88.6 | 970
w/ ICP |  W/oResize | Resize Directly | Ours
Mean | 82.2 | 89.1 | 97.3

our method with other two conventional image patch process
approaches, i.e., resizing the image patch to target dimension
directly and without any resize procedure (keeping origin
image patch dimension). As illustrated in Fig. 6, we report
the ADD(S) less than 10% of the object’s diameter (ADD(S)-
0.1d) accuracy under the growth of the number of training
iterations of six objects on the LineMOD test set. Compared
with the other two approaches, our model can achieve more
faster converged speed (20k-30k iterations) and reach higher
pose accuracy. With the same number of iterations, our method
outperforms the resize-directly approach by a large margin
in general, demonstrating promising performance in training
speed and pose accuracy. We think that is because our image
patch process method is capable of maintaining the appearance
structures of the target object in the cropped image, leading to
better RGB feature extraction and benefit for subsequent pose
estimation. Moreover, due to the limited training batchsize,
the method without the image patch resize process shows
severely slow training speed. Therefore, for fair comparisons,
we also overlay the full ADD(S)-0.1d accuracy curve to
explore its performance, i.e., w/o resize (full) in Fig. 6. It

can be observed that our method surpasses it significantly
both in converge speed and pose regression performance. In
Tab. V, we also present the average ADD(S)-0.1d accuracy
comparison results over the entire LineMOD dataset. Overall,
our method significantly advances the other two approaches
by 15.1% and 8.4% respectively. With the extra iterative
refinement (e.g., ICP), our framework can make 0.3% accuracy
improvements and still outperform all other methods by a large
margin, demonstrating the effectiveness of our deployed image
patch process algorithm.

Effect of components of the loss functions. To explore the
impact of removing specific loss functions on the accuracy of
pose estimation, we conducted comprehensive experiments on
the LineMOD dataset. Table IV showcases the detailed pose
results in terms of the ADD(S)-0.1d metric. Specifically, we
first remove Ly, and investigate the individual component
of JL.q. It has been observed that model 771; experiences
significant degradation in pose accuracy when trained from
scratch without any pose labels. Incorporating with extra shape
completion loss oL}.., model 771, makes 8.3% average accuracy
improvements. We believe that having a good initialization for
pose parameter regression is crucial for the network, similar
to most optimization problems. Besides, due to the clutter
scenario and challenging intra-object occlusions, the network
struggles to optimize purely based on the geometry shape
constraint, as the visible part of the object lacks consistency
with the complete shape. We then remove L}, and train the
network only on the synthetic data with the loss function
Lsyn, and treat them as two baseline models (i.e., 7713 and
1My). We can find that due to the large domain gap between
the synthetic and real-world data, these two baseline models
achieve poor performance (i.e., 50.3% and 51.4% mean pose
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Fig. 5: Qualitative comparison of our method with self6D++
[1] on two benchmarks. Our method achieves superior perfor-
mance in robustness to occlusion.

accuracy). Incorporating with the Ly, models 115 and 17l
showcase significant performance improvements in pose ac-
curacy, surpassing the baseline models by 28.1% and 31.0%
respectively. These dramatic results indicate the effectiveness
of our employed sim-real joint training strategy, benefiting the
optimization process in the training phase. Furthermore, with
the additional L., our model (771; and 771g) is capable of
further performance improvements, advancing 7715 and 7715 by
15.5% and 14.6% respectively. We believe that using L. as a
supervision signal for the shape reconstruction network branch
during the training phase can lead to more precise structure
recovery and improved geometry shape constraints. Moreover,
compared with the baseline model 7714, our final network
achieves 45.6% accuracy improvements, further substantiating
the superiority of the utilized £,y and the sim-real joint
training scheme.
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Fig. 6: Performance of different image patch processing strate-
gies at increasing training iterations on LineMOD dataset. The
ADD(S)-0.1d metric is reported. Our employed method per-
forms effective performance both in accuracy and efficiency.
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Fig. 7: Quantitative comparison of shape completion in ar-
bitrary poses on YCB-V benchmark. The chamfer distance
metric is reported and scaled by 10°. Our method demonstrates
better performance compared with the SOTA standard pipeline
PoinTr [19] and the baseline model SCARP [30].

Effect of Canonical shape completion. To better investi-
gate the effectiveness of the shape completion network, we
conduct extensive experiments on the YCB-V dataset and
compare it with other SOTA methods. As illustrated in Fig.
7, we report the chamfer distance of six objects derived
from the YCB-V dataset and the overall average distance for
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Fig. 8: Qualitative comparison of our method with the SOTA
point cloud completion approach [19] and the baseline model
[30] on the YCB-V benchmark. Our method produces more
complete and detailed structures compared with its competi-
tors, contributing to high pose accuracy results.

entire object categories (21 categories) to evaluate the shape
completion performance over the entire test set. We select
two representative methods for comparison. SCARP [30], the
baseline, is the first to use the TFN for shape completion
in robotic grasping tasks, similar to our canonical shape
reconstruction module. PoinTr [19] is the standard SOTA
point cloud completion framework, utilizing transformer-based
architectures. Specifically, we ablate the shape completion
branch by removing the aggregated RGB-D features to explore
its performance, then compare it with SCARP [30]. To ensure
a fair comparison with the standard point cloud completion
framework, we also follow [30] by utilizing the ConDor
method [83] to canonicalize the observed partial point cloud
to a fixed frame before integrating it into PoinTr [19]. As we
can see, our model achieves better performance with the lowest
chamfer distance over these six objects, whether *with (w/)’
or ’without (w/o)’ fused RGBD features. By incorporating
the fused RGBD features, our method can achieve the best
performance compared with other approaches. Notably, in
terms of the overall average chamfer distance, our model (w/
RGBD) achieves 49.3% performance improvements compared
with the baseline model SCARP and outperforms the model
(w/o RGBD) by 18.1% as well as large margin advance-
ments compared with the PoinTr [19]. These experimental
results demonstrate the effectiveness of the proposed shape
reconstruction network, showing superiority in handling real-
scanned shape completion problems with arbitrary poses.
Moreover, we present the qualitative comparison results of four
objects derived from the YCB-V dataset in Fig. 8. Note that the
partial inputs are all taken from the camera coordinate system
and mean-centered, which means that it is not in a unified
frame with the ground truth shape. Compared with PoinTr [19]
and SCARP [30], our method produces smoother surfaces and
precise geometry structures. The visual experimental results
reveal that the proposed method is capable of effectively
recovering shape structures from the partial input with varying

TABLE VI: Quantitative evaluation of segmentation results
influence on YCB-V benchmark. We report the ADD(S) AUC
and ADDS <2cm metrics. Note that the DF (Densefusion
[12]) and Pr-GCN [21] are all trained with real pose labels.

Segmentation ‘ PoseCNN ‘ PVN3D ‘ Ground Truth
| ADD(S)| <2cm | ADD(S)| <2cm | ADD(S)| <2cm
DF(per-pixel) | 912 | 953 | 915 | 957 | 929 | 98
Pr-GCN | 950 | 976 | 958 | 985 | 969 | 999
Ours | 916 | 9.0 | 923 | 968 | 937 | 986
100+ Ours 100 Densefusion
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=95
¢ 60
g’ 90 ~—¥— ape 40 —¥— ape
A —&— benchvise —&— benchvise
< —4— cat / —4— cat
duck 20 duck
lue lue
85 : golepuncher Z: go\epuncher
20 40 60 80 100 0 20 40 60 80 100
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Fig. 9: Performance of different amounts of real training
data on LineMOD dataset. The ADD(S)-0.1d metric is re-
ported. Our weakly-supervised framework shows promising
performance compared with the fully-supervised approach
Densefusion [12].

degrees of incompleteness, which plays an essential role in
high-accuracy pose estimation (e.g., /7l7g in Tab. IV). To
further validate the impact of pose accuracy promotion by
the shape completion branch, we remove all the completion
networks and take the CAD model as the supervision signal for
Lgeo, 1.€., model mg in Tab. IV. It is observed that by incorpo-
rating the shape completion branch, our models (7717 g) achieve
4.0% and 7.1% improvements respectively, substantiating its
effectiveness. We believe that incorporating equivariant feature
learning allows for a more comprehensive representation of
an object’s global geometric structure under arbitrary poses.
This implicit representation enhances the multi-modal encoder
in the pose estimation branch, effectively capturing global
geometric features and compensating for inadequate feature
representation due to incomplete observation data, thereby
improving final pose accuracy.

The impact of segmentation results. As shown in Fig. 2,
our framework takes the cropped foreground RGB-D images
as input by using the off-the-shelf segmentation method.
Therefore, to validate the influence of varying segmentation
approaches, we follow Pr-GCN [21] to replace the segmenta-
tion method in our framework (i.e., PoseCNN [65], PVN3D
[42] and the ground truth segmentation results) to evaluate
the pose regression performance of our model. As illustrated
in Tab. VI, we report the ADD(S) AUC and the ADD-S <2cm
metrics tested on the YCB-V dataset, and compare our method
with two fully-supervised approaches (i.e., Densefusion [12]
and Pr-GCN [21]). It can be observed that by incorporating
the ground truth results, all these methods achieve visible
accuracy improvements in terms of these two metrics. In



TABLE VII: Quantitative evaluation in terms of ADD(S)-
0.1d metric on the LineMOD dataset. LB and UB mean the
lower-bound and upper-bound of our model. The Ours(UB) is
obtained by fine-tuning our model with annotated real data.

Training Synthetic Syn+Real Syn+Real
data (PBR) (w/ labels) (w/o labels)
Methods | SelféD++| Ours | SelféD++ | Ours Ours
(LB) [1] | (LB) | (UB)[1] | (UB) | (default)

ape 85.8 89.4 85.0 98.3 974
bvise 93.1 93.6 99.8 100.0 99.9
camera 99.1 93.4 96.5 97.9 95.3
can 99.8 94.1 99.3 98.7 94.4
cat 91.5 96.9 93.0 99.9 99.8
driller 100.0 99.3 100.0 99.7 99.5
duck 61.9 84.2 65.3 94.6 92.0
eggbox 93.5 94.0 99.9 979 94.5
glue 93.3 98.1 98.1 100.0 100.0
holep 32.1 87.6 73.4 98.1 97.5
iron 100.0 94.8 86.9 99.9 99.8
lamp 99.1 98.3 99.6 99.3 98.1
phone 94.8 91.8 86.3 94.7 92.3
MEAN \ 88.0 \ 93.5 \ 91.0 \ 98.4 \ 97.0

particular, our method outperforms Densefusion [12] in all
three segmentation models and achieves comparable results
compared with Pr-GCN [21]), demonstrating its effectiveness.

Performance regarding amount of real training data
and pose labels. In Fig. 9, we evaluate our framework
by utilizing varying quantities of real training data on six
objects derived from LineMOD. As anticipated, the ADD(S)
escalates in correlation with the expansion of real training data.
Compared with the fully-supervised method [12], our model
can achieve satisfactory accuracy even in a low level (20%)
of real data usage (without any pose labels), demonstrating
the effectiveness of our framework and low dependency on
real pose labels. Moreover, a noteworthy enhancement in
performance can be observed when real data usage is increased
from 20% to 40%, after which it gradually ascends to its
peak. This implies that our weakly-supervised framework can
work well on small quantities of pose label-free real data,
further substantiating its robustness. In addition, we present
evaluation results of our framework using purely synthetic
data, along with results obtained after fine-tuning with real
pose labels, which serve as the lower and upper bounds for
our method. We would like to highlight that our proposed
framework can achieve better results in training with and
without pose labels, compared to SelféD++ [1]. As shown in
Tab. VII, our method showcases improvements of 5.5% and
7.4% in terms of the lower and upper bound on the average
recall, respectively. By incorporating the proposed weakly-
supervised strategy, our model advances the lower bound
by 3.5% on average recall, approaching the upper bound.
These experimental results demonstrate the effectiveness and
superiority of our framework.

Performance with varying equivariance feature extrac-
tors. We choose the classic TEN network [56], [57] as our
SE(3) equivariance feature learning backbone in the canonical
shape reconstruction module, without loss of generality. To ex-

Benchvise Cat
100 —— 100§ —">;
— 6D — 6D
- 9D — 9D
o 80 = 10D 80 = 10D
T 60 60
A
)
8 40 40
<
20 20
0
5 10 15 20 25 0 5 10 15 20 25
Glue Holepuncher
100 100§ —">5
— 6D
go{— 80 go{—
— 10D — 10D
=
o 60 60 60
A
[22)
= 40 40 40
% — 4D
20 20 — 6D 20
- 9D
= 10D
0 0

25 25

5 10 15 20 2 4 6 8 5 10 15 20
Iterations(/k) Iterations(/k) Iterations(/k)
Fig. 10: Performance of different rotation representation meth-
ods at increasing training iterations on LineMOD dataset. The
ADD(S)-0.1d metric is reported. The 4D rotation representa-

tion employed in our method performs better performance.

TABLE VIII: Quantitative evaluation results of varying ro-
tation representation types and SE(3) equivariance feature
extractors on LineMOD dataset. We report the ADD(S)-0.1d
metric. © denotes our vanilla model.

Objs | Ape | Bvise | Cat | Duck | Glue | Holep | Params
‘ Varying se(3) equivariance feature extractors
TENT 97.4 99.9 99.8 92.0 100.0 97.5 75.35M
VNN [84] | 98.6 99.4 99.7 96.3 100.0 96.9 77.11M
E2PN [55] | 98.3 100.0 | 100.0 95.8 100.0 97.0 76.78M
‘ Varying rotation representation types
4Df 97.4 99.9 99.8 92.0 100.0 97.5 | 75.35M
6D [85] 96.6 99.6 99.4 91.3 99.6 94.8 75.3TM
9D [86] 97.1 99.8 99.7 91.0 100.0 97.7 75.39M
10D [87] 97.4 99.8 99.4 91.6 100.0 97.2 75.40M

plore the effect of different SE(3) equivariance learning frame-
works on the final pose estimation performance, we replace the
TFN with the state-of-the-art point cloud equivariance repre-
sentation learning networks, VNN [84] and E2PN [55]. The
quantitative results are presented in Tab. VIII. As expected,
the advanced equivariance learning model can further benefit
the pose estimation performance of our framework. The VNN
method shows significant performance improvements on two
test objects, particularly in ’duck’ category, with 4.3% accu-
racy increase. Similarly, the E2PN model achieves noticeable
performance gains ranging from 0.1% to 3.8% on the four test
objects, while maintaining comparable accuracy on remaining
two objects when compared to our vanilla model. These ex-
periments substantiate the effectiveness of SE(3) equivariance
learning of the canonical shape reconstruction module, and the
generalization ability of the proposed framework.
Performance with varying rotation representation types.
In Tab. VIII, we conduct ablation studies on various rotation



TABLE IX: Runtime of Segmentation (Seg), Poes Regression
(PR), Shape Reconstruction (SR) and the overall (Full). (Sec-
ond per frame on LineMOD Dataset).

Component ‘ PR ‘ Full

0.023 |

SR |
0.002 |

Seg ‘
0.030 |

Times(s) | 0.055

representation types using six objects derived from LineMOD.
We replace the 4D output of our pose estimation branch with
other rotation representation types in the form of continuous
6D [85], 9D [86], and 10D [87] vectors, respectively. The 4D
representation demonstrates superior pose estimation perfor-
mance across most object categories, while the 9D and 10D
representations yield comparable but suboptimal results. In
Fig. 10, we further present the ADD(S)-0.1d for these objects
on the test set under increasing training iterations. It is evident
that, due to the higher dimensions, the convergence speed of
the model with the 6D, 9D, and 10D representations is slower
than that of the 4D representation, requiring more iterations for
the model to achieve optimal performance. These experiments
demonstrate the compatibility of the 4D representation with
our framework, allowing our model to achieve better results
in both final pose estimation accuracy and convergence speed.

Time efficiency. In Tab. IX, we further follow [12]
and [21] to evaluate the efficiency of our framework on
LineMOD. Our full model achieves an acceptable runtime
(55ms/frame), which is more efficient compared with Dense-
fuion (60ms/frame) [12] as well as Pr-GCN (68ms/frame) [21]
and can be satisfied for downstream robotic manipulation tasks
[88].

V. CONCLUSION AND FUTURE WORK

In this work, we propose a novel weakly-supervised frame-
work for instance-level object 6D pose estimation, in which we
simultaneously consider shape completion in arbitrary poses
and learning from the data without any real 6D pose annota-
tions, addressing the problems of insufficient feature represen-
tation in incompleted depth data and the extensive demands for
large amounts of real labeled training data. By incorporating
the SE(3) equivariance, we can construct a fixed implicit frame
to align the pose- and scale-independent partial inputs with the
completed shape, thanks to the significant breakthroughs of
SE(3) equivariance in 3D point cloud processing. Moreover,
to bridge the domain gap, we employ a sim-real joint training
strategy, making visible performance improvements. Extensive
experiments on three widely used benchmarks demonstrate
that our framework outperforms the existing state-of-the-art
methods by a large margin, and significantly narrows the
gap towards the SOTA approaches relying on real 6D pose
annotations.

In the future, we will consider investigating extending our
framework for category-level object pose estimation, as we
currently rely on the 3D CAD model for each object. Another
interesting aspect is the integration of the segmentation models
into a unified end-to-end pipeline, by incorporating existing
prevailing Big Models, suck as SAM [73].
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