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Abstract

This paper introduces EA6D, a novel diffusion-based frame-
work for 6D pose estimation that operates effectively in any
environment. Traditional pose estimation methods struggle
with the variability and complexity of real-world scenar-
ios, often leading to overfitting on controlled datasets and
poor generalization to new scenes. To address these chal-
lenges, we propose a generative pose estimation paradigm
that generates environment-independent object representa-
tions for pose estimation, which are robust to environmental
variations such as illumination, occlusion, and background
clutter. Specifically, we propose the novel Environment De-
coupling Diffusion Model (EDDM) which separates object
representations from environmental factors while enabling
efficient few-step sampling by leveraging input image pri-
ors instead of pure noise initialization. We validate our
approach on four standard benchmarks and a self-made
dataset DiverseScenes. The results demonstrate that EA6D,
trained using only synthetic data, can outperform the state-
of-the-art methods with both synthetic and realistic data. In
particular, for fair comparisons with synthetic data, we can
exceed the previous SOTA by 18.1% and 33.5% on Linemod
and Linemod-Occluded datasets respectively. Project page:
https://github.com/acmff22/EA6D

1. Introduction

6D Pose Estimation is a pivotal task in the field of computer
vision and robotics, which aims to determine the exact posi-
tion and orientation of an object in three-dimensional space
relative to a camera or a coordinate system. The ability to
accurately perceive an object’s pose is fundamental for a
wide range of applications, including robotic manipulation,
augmented reality and autonomous navigation.

Recently, a series of deep-learning-based object 6D pose
estimation methods [17, 22, 23, 28, 31, 35, 41, 44] have
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Figure 1.
frameworks, which are easily influenced by environmental fac-
tors leading to inaccurate pose estimation, we propose a generative
paradigm that leverages diffusion models to generate environment-
independent object representations for pose estimation.

Different from typical RGB-based pose estimation

been proposed. These methods achieve state-of-the-art re-
sults, but require large annotated datasets. Generating accu-
rate annotations for pose data is a labor-intensive and time-
consuming process, leading most deep-learning-based 6D
pose estimation methods to be trained and tested on closed
datasets. These datasets [3, 10, 12, 16] typically contain
only a few hundred images with limited variation and con-
trolled factors, such as object arrangement, lighting condi-
tions, and background, resulting in overfitting to the training
set and the struggle to generalize to new scenes.

Consequently, synthetic datasets have been employed as
an additional complement to real datasets, or alternative to
real datasets, as they can be easily and automatically an-
notated in simulated environments. The primary challenge
with synthetic data is the domain discrepancy between real
and synthetic datasets, which often leads to reduced accu-
racy when applied to real-world scenarios. To alleviate this
problem, some self-supervised methods [20, 37, 39, 40, 46]
are proposed, which leverage synthetic images with pose
annotations and unannotated real images during training.



These methods harness intrinsic structures to generate su-
pervision signals and implement constraints on the discrep-
ancies between real and synthetic images, thereby mitigat-
ing the domain gap.

Practical applications such as AR and autonomous driv-
ing, which need to operate in uncontrolled environments,
make 6D pose estimation more challenging. Here, object
appearances vary due to fluctuating environmental condi-
tions, background clutter, and occlusions, which often ex-
ceed the variability present in training datasets. Previous
methods usually use CNNs as image encoder to extract fea-
tures for pose estimation (as shown on the top side of Fig-
ure 1). These features are highly sensitive to environmental
factors. When the environment changes, CNNs struggle to
accurately extract object features. This hinders the model’s
ability to generalize to new scenes, potentially diminishing
the accuracy of pose estimation and even leading to ob-
ject pose estimation failure. While self-supervised meth-
ods are proficient at leveraging unlabeled data, they may not
fully account for the extensive real-world variability found
in these uncontrolled environments, leading to models that
are not sufficiently robust for novel conditions. Therefore,
there is an urgent need for approaches that can adapt to a
variety of dynamic and diverse environments, ensuring reli-
able pose estimation capabilities.

In this paper, we introduce a novel paradigm for pose
estimation in uncertain environments, including unseen
scenes, varying lighting, occlusion, and other possible sit-
uations. We consider a generative strategy that generates
environment-independent object representations for pose
estimation (bottom side of Figure 1). Diffusion models
[7, 11, 34] have recently achieved promising results in var-
ious generative tasks, including image generating and edit-
ing. These models recover high-quality, deterministic sam-
ples from noisy and some conditions through a progres-
sive denoising procedure. Motivated by the above, we
design an Environment-Agnostic object 6D POSE esti-
mation framework (named EA6D) that exploits the diffu-
sion model to generate environment-independent represen-
tations in latent space for pose estimation, while input im-
ages serve as conditional cues, illustrated on the bottom
side of Figure 1. Specifically, we propose an Environ-
ment Decoupling Diffusion Model (EDDM) which employs
a novel environment decoupling diffusion process to intrin-
sically decouple the environment-independent object repre-
sentations from input images. By performing validation on
four popular benchmarks and a self-made dataset, the re-
sults show that our method significantly outperforms state-
of-the-art self-supervised methods and provides a signifi-
cant improvement in generalization to unseen scenarios.

In sum, the main contributions in this paper include:

* We propose a new paradigm for environment-agnostic
object 6D pose estimation, by generating environment-
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independent object representations rather than estimating
poses directly from input images.

We design a novel Environment Decoupling Diffusion
Model which employs an explicit environmental decou-
pling mechanism via gradient modelling and conditional
generation to separate object representations from envi-
ronment, while enabling efficient several-step sampling.
We conduct extensive experiments on four public datasets
including Linemod, Linemod-Occluded, YCB-V, Home-
brewedDB and a self-made dataset DiverseScenes, show-
ing that our method surpasses current state-of-the-art
self-supervised methods. Our method exhibits remark-
able generalization capabilities, even in previously un-
seen scenes, which is crucial for practical applications.

2. Related work

Fully-Supervised 6D Object Pose Estimation. Early ap-
proaches rely on local or global features to establish cor-
respondences between keypoints on CAD models [1, 3, 4].
More recently, learning-based methods, particularly those
utilizing Convolutional Neural Networks (CNNs), have be-
come dominant. These methods extract deep features and
establish mappings from RGB images to 6D object pose
[14, 17,41, 44]. Due to the inherent nonlinearity of the ro-
tation space, the accuracy of directly regressed object pose
is often limited [21]. To enhance accuracy, many meth-
ods employ CNNs to establish 2D-3D correspondences, fol-
lowed by solving the object pose using the Perspective-n-
Point (PnP) algorithm [19]. These methods can be cat-
egorized into sparse and dense correspondence methods.
Sparse methods [28, 33, 38, 45] predict the 2D projec-
tions of predefined 3D keypoints, while dense methods
[22, 23, 27, 35, 41, 48] predict 3D coordinates on the ob-
ject model corresponding to image pixels thus providing
better robustness to occlusions and clutter. However, fully-
supervised 6D pose estimation methods are constrained by
the need for accurate and diverse training data, which is of-
ten scarce due to the labor-intensive nature of precise anno-
tation and the limited variation in available datasets, result-
ing in poor generalization to real-world and uncontrolled
environments.

Self-Supervised 6D Object Pose Estimation. Considering
the tremendous effort to collect large amounts of annota-
tions for 6D object pose, some methods [26, 29, 36] have
turned to using synthetic images for training. However, be-
cause of the domain gap between real and synthetic images,
the performances of these methods are significantly lower
compared to the methods that use real images with object
poses for training. To narrow the domain gap, a few recent
self-supervised methods [5, 20, 37, 39, 40, 43, 46, 49] have
begun to incorporate both synthetic images with known ob-
ject poses and unannotated real images into their training
datasets. However, in diverse real-world application sce-



narios, models must contend with a variety of backgrounds,
lighting conditions, and other environmental factors that are
difficult to be adequately included in the training dataset.
These environmental factors can significantly alter the ap-
pearance of objects within images. As a result, features
learned by the model for the same object may vary across
different scenes, leading to diminished generalization ca-
pabilities when encountering new scenes. Different from
self-supervised learning methods, our proposed method di-
rectly generates environment-independent object represen-
tations to fundamentally eliminate the impact of environ-
mental disturbances.

Diffusion-based Models for Vision Tasks. Originally in-
troduced for image generation, diffusion models [7, 11, 34]
have demonstrated impressive generation capabilities and
have been explored in various tasks, including edge detec-
tion [47], image impainting [25], and 6D pose estimation
[9, 42, 45]. DiffusionEdge [47] presents a novel diffusion-
based edge detector capable of generating precise and sharp
edge maps without post-processing. 6D-diff [45] formu-
lates object keypoints detection as a reverse diffusion pro-
cess and employs a MoC-based forward process to leverage
distribution priors in intermediate representations. Method
[42] introduces three novel aggregation networks designed
to effectively aggregate diffusion features, showing supe-
rior generalizability for object pose estimation. Currently,
no existing work has yet explored the potential of diffusion
models to generate environment-independent object repre-
sentations, which could significantly improve the robust-
ness of pose estimation in diverse environments.

3. Method

3.1. Overview

Traditional pose estimation methods typically estimate pose
directly from images. Environmental factors such as back-
ground clutter, illumination variations, and occlusion in im-
ages can limit the accuracy and robustness of pose estima-
tion. Pursuing a different paradigm, we propose a diffusion-
based method that generates environment-independent ob-
ject representations for pose estimation. Traditional diffu-
sion models are predominantly utilized for image genera-
tion tasks, where they excel at creating new synthetic im-
ages. These models operate on the principle of gradually
adding noise to an input image and then learning to reverse
this process, effectively denoising the image over multiple
iterations to recover the original content. In this paper, we
extend the concept of diffusion models to a completely new
domain by recovering environment-independent object rep-
resentations for pose estimation.

The overall framework of the proposed method EA6D
is shown in Figure 2. The first stage is environment-
independent object representation encoding. A synthesized
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pure object image with the same pose as the input image,
but free from background, lighting, and occlusion, is en-
coded into a latent space using a Variational Autoencoder
(VAE) [18]. This encoding results in an object represen-
tation gg € R4*64%3 which can be decoded back to the
original pure object image by the decoder of VAE network,
demonstrating that the representation contains only infor-
mation about the object independent of the environment.
Following this, a forward diffusion process is applied to
go to generate a noisy representation g;, which can be split
into two sub-processes: the clean object representation gg to
input image latent representation ry, meanwhile Gaussian
noise is incrementally added. To denoise and recover the
environment-independent object representations from g, an
Environment Decoupling Diffusion Model (EDDM) is in-
troduced. A conditional encoder extracts multi-level fea-
tures from the input images. These features are then fused
with the features of the U-Net encoder and are input to U-
Net decoders. The EDDM outputs a decoupled object rep-
resentation, which potentially contains object pose informa-
tion, independent of environmental factors. Finally, a pose
decoder predicts the pose information, including rotation
quaternion and translation vector. The inference process in
EAG6D is thus a combination of diffusion-based denoising
and pose decoding, enabling robust and accurate pose esti-
mation in diverse and complex environments.

3.2. Environment Decoupling Diffusion for Gener-
ating Object Representations

Current 6D pose estimation methods often face robust-
ness challenges in dynamic or unseen environments, as
their object representations are influenced by complex envi-
ronmental variations, resulting in multimodal distributions
of features. CNNs-based methods typically use a single
model to fit the entire data distribution. When facing mul-
timodal distributions, the single model struggles to cap-
ture all the different patterns simultaneously, thereby re-
sulting in a notable decrease in performance in new envi-
ronments. To avoid the negative impact, we propose to
extract environment-independent representations, enabling
more accurate and generalizable pose estimation. Recent
diffusion models show remarkable capabilities for modeling
complex multimodal distribution, which is helpful for learn-
ing about environment-independent representations. There-
fore, we propose to construct our framework based on
the diffusion models to cover the complex distribution of
object representations. More importantly, to acquire the
environment-independent component from the input image
distribution, we propose a novel environment decoupling
diffusion model for generating environment-independent
object representations inspired by the decoupled diffusion
models [15, 47]. Different from the vanilla decoupled dif-
fusion process that focuses on splitting the image and the
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Figure 2. Overview of the proposed method. In training phase, the proposed method involves training a Variational Autoencoder (VAE)
to encode pure object images into environment-independent representations. These representations are then sampled to create noisy rep-
resentations, which are processed by an Environment Decoupling Diffusion Model (EDDM). The EDDM uses a dual structure with one
UNet encoder and two UNet decoders to decouple the environment-independent object representations from the input image with complex
environments. The pose decoder is trained to predict the pose from the representations, enabling robust pose estimation across various
environments. In testing phase, a random Gaussian noise is fed into the EDDM without VAE.

noise components, we aim to decouple the environment-
independent object representations from the input image
with complex environments. To this end, we introduce the
improved forward and reversed diffusion processes.

3.2.1. Forward Process

The wvanilla decoupled diffusion process reformulates
the conventional image-to-noise process into two stages:
image-to-zero and zero-to-noise [15]. Corresponding to
current object representation generation, there will be a
clean object representation to zero process and a zero to
noise process. However, such a paradigm only describes
how to learn the environment-independent object represen-
tation from noise, without a clue on how to decouple it
from the input images with complex environments. To
address this problem, this paper proposes an environment
decoupling diffusion process to intrinsically decouple the
environment-independent object representation from the in-
put image. We follow [30] to conduct the diffusion process
in the latent space, i.e, our goal is to obtain the environment-
independent object latent representations from the input im-
age that mixes the object with the complex environments:

t
a(gilg0) = N (g go + /0 (ro — go)dt,tI), (1)

where go and g; denote the clean and noisy object latent
representations respectively, ¢ € [0, 1] is the time step,
ro denotes the latent representation of input image. (A
Variational Autoencoder features the latent representation.)
According to the above equation, we can sample g; by

gt = go + fot(ro — go)dt + /tn, where n € N(0,1). Ob-
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viously, the forward process describes two sub-processes:
go + fot (ro — go)dt is the clean object representation to in-
put image latent representation and v/#n is the zero to noise.
It is worth noting that the first term contains the decay gra-
dient from the input image to the environment-independent
object representation, i.e., 7o — go. We call this term the
environment decoupling gradient, which guides the genera-
tion from the input image representation to object represen-
tation. The environment decoupling gradient provides ex-
plicit evidence for our goal of decoupling the environment-
independent object representations, allowing for accurate
and efficient generation.

3.2.2. Reversed Process

The goal of the reversed process is to gradually recover the
clean object representation g from the noisy input g;. Fol-
lowing the derivation of [15], we can formally represent the
reversed process as a conditional probability:

At
dt — —n

t— At
- ) =N —|—/ ro — ,
q(gt—ntlgt, 90) (9¢ t (ro — go) N
MI

t

);

2
where At is the smallest time step. Inheriting DDM, the
reversed process benefits from the analytic gradient 79 — go,
enabling approximate analytic solution for few-step gener-
ation (even with only one step). Different from general dif-
fusion models that recover the goal content from a normal
distribution, our reversed process aims to generate object
representations from the combination of the latent image
representations and the noise. We can easily obtain the ini-



tial variable in the reversed process according to the for-
ward process, i.e., g1 = 1o + n. Intuitively, the gener-
ation process starts with the mixture of 7y and n instead
of pure noise, which provides important prior information,
thus speeding up the inference procedure and improving
the generation quality. The reversed conditional probability
q(gt—nt|ge, go) includes 7o — go and n, which are unknown
in the reversed process. Therefore, we need to use a neural
network 6 to parameterize q(g:—a¢|g:, go). Practically, the
neural network has two outputs: dy and ngy, corresponding
to the two unknown terms.

3.2.3. Network Architecture

As shown in Figure 2, we construct our network based on a
U-Net architecture including one encoder and two decoders.
A pre-trained Swin Transformer [24] serves as a conditional
encoder, extracting multi-level features from the input im-
ages. These features are then fused with the features of
the U-Net encoder at corresponding levels through atten-
tion mechanisms, acting as inputs for the U-Net decoders.
In practice, the input images will be obtained by an off-the-
shelf object detector such as Yolo-v4 [2].

3.3. Pose Decoder for Object Representations

The pose decoder is designed to predict the 6D pose, includ-
ing both the rotation and translation, from the object repre-
sentations generated from EDDM. The decoder consists of
three modules: a ResNet block to further extract the features
of gé, a rotation head for rotation estimation, and a transla-
tion head for translation prediction. The ResNet block en-
hances feature extraction through three convolutional lay-
ers. The first layer employs a 1 x 1 kernel to expand the
feature dimension, capturing richer information. The sec-
ond layer uses a 3 x 3 kernel for spatial feature reduction.
The third layer also uses a 1 x 1 kernel. The rotation head
is designed with a series of 3 x 3 convolutional layers, fol-
lowed by a generalized average pooling layer and a fully
connected layer, culminating in the prediction of the rota-
tion quaternion R.

For 3D translation, since directly regressing the transla-
tion in 3D space does not work well in practice, we adopt
Scale-invariant Translation Estimation (SITE) [22] to de-
couple the translation into the 2D location (0, 0,) of the
projected 3D centroid and the object’s distance 7, towards
the camera. The translation head is constituted by a se-
ries of convolutional layers followed by fully connected lay-
ers, which predict the scale-invariant translation parameters
Tsite = (Az, Ay, Az). These parameters are then utilized
to compute the object’s 2D coordinates and depth, as delin-
eated by the equations:

0, = Az-w+cy
oy= Ay -hitoe, 3)
T, = Az-r
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where w and h represent the width and height of the
bounding box, ¢, and ¢, denote the coordinates of the
box’s center, and r is the scaling factor derived from the
image’s dimensions. Given the camera intrinsics k, the
translation 7' can be calculated via back-projection T' =
K~'T.[0,,0y,1]T. This method allows for a more accurate
and robust estimation of the object’s 3D translation, thereby
enhancing the overall pose estimation accuracy.

3.4. Training Procedure

Our training object is meticulously designed to refine the
performance of the VAE, EDDM, and pose decoder within
our framework. Initially, the VAE is trained to encode
synthetic images, which are environment-free and rendered
with poses corresponding to the input images, into latent
features. These latent features are then decoded to recon-
struct the original synthesized images, ensuring the net-
work’s ability to capture the essential features of the object.

After the VAE’s training, we proceed to train the EDDM
while keeping the VAE’s weights fixed. EDDM is trained
following the training strategy and objective of DDM [15] :

Leddm = l|do — (ro — go) |5 + Ine — nll, “)
where the first term and second term correspond to the su-
pervision of predicting noise component and image compo-
nent, respectively.

At last, we freeze VAE and EDDM to train the pose de-
coder. We employ a disentangled 6D pose loss via indi-
vidually supervising the rotation R, the scale-invariant 2D
object center (Az, Ay) and the distance Az:

Lpose = Lr + Leenter + L2 &)
Thereby,
e = IR-R|,
Lcente?“ = ”Ax - Ax||2 + ||Ay - Ay“2 (6)
L. = 1Az — Az,

where (Az, Ay, Az, R) and (AZ, Ay, AZ, R) denote pre-
diction and ground truth, respectively.

In the inference phase, object images from different en-
vironments are fed into the conditional encoder as cue in-
formation for the EDDM. The EDDM systematically elim-
inates environmental factors from the noisy latent space,
yielding a representation that encapsulates solely the ob-
ject’s information. This purified representation is then fed
into the pose decoder to extract the object pose, thereby
achieving robust generalization across various scenes and
conditions.

4. Experiments

In this section, we conduct experiments to verify the gener-
alization capability of the proposed method in various en-
vironments. Therefore we follow existing works [5, 37] in



self-supervised object pose estimation which focus on nar-
rowing the domain gap and enhancing the network’s gener-
alization ability across different domains. We compare our
method to the state-of-the-art methods on four of the core
datasets of the BOP challenge [13] and a self-made dataset.
We also provide a detailed analysis of our proposed scheme
in ablation study.

4.1. Datasets

We evaluate our EA6D on four of the core BOP datasets
[13], Linemod(LM) [10], Linemod-Occluded(LM-O) [3],
HomebrewedDB(HB) [16] and YCB-V [44]. LM, LM-O,
and HB include the same objects under different environ-
ments, and YCB-Video involves environmental changes,
making them suitable for verifying the proposed method.
HB is typically used to study the generalization ability of
methods towards new scenes with changing illumination.
However, the images in HB are from a single indoor envi-
ronment. To expand the testing of unseen scenarios, the
DiverseScenes Dataset is created by simulating both in-
door and outdoor environments, to rigorously evaluate the
model’s ability to generalize across varied environments.
DiverseScenes Dataset. We select four distinct real-world
environments, spanning both indoor and outdoor settings,
and employ Physically Based Rendering (PBR) techniques
to render the 3D models into these backgrounds. To cap-
ture the inherent diversity of real-world lighting, we apply
a range of lighting conditions, thus amplifying the disparity
with the training data and crafting previously unseen test
scenarios. For each object category, we render 150 images
per environment, amassing a total of 1950 images. Figure 3
illustrates some samples of the dataset. We give more sam-
ples of the dataset in the supplementary material and will
release the dataset.

scene 1

Figure 3. We simulated different indoor and outdoor backgrounds
with varying lighting to construct four distinct scenarios, which
have a significant difference from the training data.

It should be emphasized that EA6D does not require any
real images for training. For the evaluation of EA6D, all
images in the above dataset are used for testing only.
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4.2. Metrics

We report our results referring to the common Average Dis-
tance of Distinguishable Model Points (ADD) metric [10].
This metric reports 6D pose error by transforming all ob-
ject vertices with estimated pose and ground-truth pose and
measuring the average distance of the two sets of points.
The estimated pose is considered be correct if the average
distance is smaller than 10% of the object’s diameter. For
symmetric objects, we use the ADD-S metric [44], where
the mean distance is computed based on the closest point
distance. For YCB-V, we report the AUC (area under curve)
of ADD(-S) with a maximum threshold of 10 cm [44].

4.3. Implementation Details

Our method is implemented by Pytorch, and all experiments
are conducted on an NVIDIA 4090 GPU. We use Synthetic
PBR Dataset [13] to train the 2D object detector Yolov4 [2]
and the entire network. For each image, we utilize the ob-
ject’s CAD model to render it in the same pose onto a blank
image to obtain the pure object image. We use pure object
images to train VAE and use them as ground-truth for cor-
responding input PBR images to train EDDM from scratch.
We train VAE using AdamW optimizer with an attenuated
learning rate (from le=* to 5e~ 7). We train the diffusion
models using AdamW optimizer with an attenuated learn-
ing rate (from 2e~* to 5¢~%) for 20k iterations with a batch
size of 12 and each training takes up about 30 GPU hours.
The pose decoder is trained with the same optimizer setting
for 10k iterations with a batch size of 24 and each train-
ing takes about 10 GPU hours. The conditional encoder is
pre-trained on ImageNet [6].

4.4. Comparative Evaluation

Here, we evaluate the proposed EA6D on the LM, LM-O
and YCB-V in comparison to some state-of-the-art meth-
ods including six fully-supervised methods that are trained
with annotated real images with object poses (DPOD [48],
PVNet [28], SO-Pose [8]), ZebraPose [35], CheckerPose
[23] and 6D-diff [45], two self-supervised methods that
are trained with only synthetic data (AAE [36], MHP
[26]), three self-supervised methods that are trained with
both synthetic data and unannotated real images (DSC-
PoseNet [46], SMOC-Net [37], TexPose [5]), and three
self-supervised methods that are trained with synthetic data,
unannotated real images and depth images (Self6D [39],
Self6D++ [40], RKHSPose [43]). In addition, for a more
comprehensive comparison, we also compare our method
with Self6D++ [40] and RKHSPose [43] trained only with
synthetic data. Table I reports the average metrics on each
dataset and we provide detailed results in the supplementary
material.

Comparisons on Linemod. As seen from Table 1, there
is a significant performance gap between fully-supervised



Table 1. Comparison with state-of-the-art methods on LM, LM-O
and YCB-V. The table reports results for the Average Recall (%) of
ADD(-S) on LM and LM-O, and AUC of ADD-S and ADD(-S) on
YCB-V. All results except ours are copied from SMOC-Net [37],
TexPos [5] and RKHSPose [43]. R: annotated real RGB data. S:
synthetic RGB data. R™: unannotated real RGB data. D: depth
data. The best pose method using the same kind of training data
is underlined, and the overall best method is marked in bold. (-)
denotes results missing from the original paper.

LM LM-O YCB-V
Methods Training data ADD-S ADD(-S)
ADD(-S) AUC AUC
DPOD [48] 82.6 473 - -
PVNet [28] 86.3 40.8 - 73.8
SO-Pose [8] R4S 96.0 623 90.9 83.9
ZebraPose [35] ’ - 76.9 90.1 85.3
CheckerPose [23] - 71.5 91.3 86.4
6D-diff [45] - 79.6 91.5 87.0
Self6D [39] 589 321 - -
Self6D++ [40] S+R~+D 88.5 64.7 91.4 80.0
RKHSPose [43] 959 68.7 92.6 83.0
DSC-PoseNet [46] 547 21.9 - -
Self6D++ [40] SR 76.0 59.8 - -
SMOC-Net [37] 913 633 - -
TexPose [5] 91.7 66.7 - -
AAE [36] 31.4 - - -
MHP [26] 38.8 - - -
Self6D++ [40] S 774 529 89.4 77.8
RKHSPose [43] 782 543 90.2 76.5
EA6D 96.3 87.8 93.1 88.3

methods and approaches trained with synthetic data instead.
Self-supervised approaches have proven to be able to almost
completely close the domain gap, yet typically require addi-
tional modalities (unannotated real RGB data, depth data) to
achieve comparable results. The proposed EA6D achieves
a better performance than all the comparative methods (re-
gardless of whether these methods are trained in either
fully-supervised or self-supervised manner), and only uses
synthetic images for training. This is attributed to EA6D
generating environment-independent object representations
for pose estimation rather than estimating poses directly
from input images, avoiding the impact of domain gap on
network performance.

Comparisons on Linemod-Occluded. In the inference
stage, each object in an image will be inferred indepen-
dently. The corresponding results are reported in Table 1
which shows that EA6D outperforms all these methods,
demonstrating strong robustness against occlusion. Note
that EA6D only uses synthetic images as training data
and still outperforms fully supervised methods (6D-diff by
8.3%, CheckerPose by 10.3%, ZebraPose by 10.9%).
Comparisons on YCB-V. As shown in Table 1, EA6D
achieves the best performance on both the AUC of ADD-
S and the AUC of ADD(-S) metrics, showing that EA6D
is capable of handling a wide variety of object appearances
and lighting conditions.

Comparisons on Unseen Environments. In this experi-
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LineMOD
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Figure 4. Qualitative results on Linemod (top-left), Linemod-
Occluded (bottom) and HomebrewedDB (top-right). For each
dataset, Top: input images and the visulizations of pose, green
and blue bounding boxes represent GT poses and estimated poses,
respectively. Middle: Visualization of generated environment-
independent object representations. Bottom: The image after de-
coding the environment-independent object representations.

Table 2. Evaluation results on HomebrewedDB dataset. All results
except ours are copied from TexPose [5]. The best pose method
using the same kind of training data is underlined, and the overall
best method is marked in bold.

Training data ‘ R+ 5 ‘ S
Method | Sock[32] Self6D++[40] Texpose[5] | GDR[41] EA6D
Benchvise | 573 75.7 92.9 888  97.6
Driller 46.6 89.4 94.2 928  93.8
Phone 415 76.8 81.2 787 926
Mean | 520 80.6 894 | 868 947

Table 3. Evaluation results on DiverseScenes dataset. All cited
methods are re-implemented using their open source codes.

Methods | Self6D++ [40] GDR [41] Texpose [5] EA6D
Scene 1 56.5 64.1 82.0 84.4
Scene 2 62.2 70.7 76.4 83.9
Scene 3 48.6 68.9 66.5 83.0
Scene 4 69.5 54.3 64.3 84.0
Mean | 59.2 64.5 72.3 83.8

ment, we want to study the generalizability of our method
towards new scenes. First, we evaluate our method on
HomebrewedDB. From Table 2, we observe that EA6D out-
performs all other methods and achieves the same results
as testing in Linemod (95.7% vs.94.7%). Self6D++ and
TexPose undergo a clear performance drop when testing on
Linemod. Self6D++ drops from 94.1% to 80.6% and Tex-
Pose drops from 91.8% to 89.4%. It indicates that the gen-
eralization performance of existing self-supervised methods
is limited by the unannotated real images used for training.
Further, Table 3 shows the results of the test on the Divers-
eScenes dataset. In environments with significant changes



in background and lighting, there is a certain decline in per-
formance for all four methods, but our method is the least
affected and outperforms the others by a huge leap.

Scene 1

Scene 2

Figure 5. The top two rows are qualitative results on Divers-
eScenes Dataset. Each scene has different backgrounds and light-
ing conditions. The bottom row is qualitative results of a same
object in 7 different environments.

We would like to emphasise that since our method is only
trained on Synthetic PBR Dataset [13], the aforementioned
datasets are all unseen environments for our method. Our
method maintains accurate predictions (average 90.6%) un-
der different backgrounds, lighting conditions, and occlu-
sions. It shows that the choice of adaptation domain (LM,
HB, or other environments) has a marginal effect on our fi-
nal performance. We attribute this to the generation of pure
object features, eliminating the domain gap problem caused
by environmental factors.

4.5. Visulizations

In this section, we will analyze our work by visualization
of the test results. Figure 4 illustrates the visualizations of
environment-independent object representations and pose
estimation. It clearly shows that the images generated by
the diffusion model filter out all environmental factors while
accurately preserving the object information. The visual-
izations of results on LM-O explain why EA6D can effec-
tively handle occlusions. With the strong generative capa-
bilities of diffusion models, even when facing severe occlu-
sion, the model is still able to accurately generate occluded
parts. Figure 5 shows the visualizations of the results on the
DiverseScenes Dataset and the visualizations of the same
object in 7 different environments. These provide a clear
demonstration of its capabilities in handling various envi-
ronments. We give more visulizations results in supplemen-
tary material.

4.6. Ablation Studies

The effect of diffusion models and diffusion steps. We
study the impact of different diffusion models on EA6D
performance. We replace EDDM with traditional Denois-
ing Diffusion Probabilistic Model (DDPM) [11] and De-
coupled Diffusion Model (DDM) [15] and compare the re-
sults on Linemod. Also, the number of iterating steps is
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another key parameter in diffusion models that determines
the inference speed, which is essential for pose estimation.
All the results are reported in Table 4. We can observe that
the EA6D with EDDM achieves more accurate results with
fewer iterating steps. This result verifies the effectiveness
of mixing of input image latent representations and noise
instead of pure noise in generation process, which provides
prior information, thus speeding up the inference procedure
and improving the generation quality.

Table 4. Mean results with ablation EA6D and the number of iter-
ating steps on Linemod.

Method \ steps | 1 5 10 20 100 1000
EA6D-DDPM[I1] | 0 0 36 143 527 784
EA6D-DDM [15] | 93.1 961 956 963 962 963
EAGD wio VAE | 684 713 731 751 762 774
EA6D* | 767 792 792 794 793 795
EA6D | 963 963 964 965 965 965
T];:Zg) 023 051 087 160 698 921

The effect of object representations. In our framework,
we generate the object representations via performing the
denoising process to estimate object pose. The object repre-
sentations are the latent code of pure object images encoded
by VAE. To evaluate the efficacy of such representations, we
first remove the VAE and directly generate the pure object
images as object representations through EDDM. Then we
use the framework of EA6D, but decode the generated ob-
ject representations to pure object images using the decoder
of VAE and input pose decoder to estimate pose. We denote
this setting as EA6D*. As shown in Table 4, the perfor-
mance of these two types of object representations signif-
icantly drops, showing that the latent code of pure object
images captures the rich semantic and structural informa-
tion in the image and is more suitable for pose estimation
than the generated images.

5. Conclusion

In this paper, we propose a novel generative paradigm for
6D pose estimation. Different from typical RGB-based
pose estimation frameworks which directly extract features
from input images for pose estimation and are therefore
easily influenced by environmental factors, we employ an
environment decoupling model that separates the object
from environmental factors during the denoising process,
generating environment-independent object representations
which are robust to environmental changes. A pose de-
coder is designed to estimate poses using these representa-
tions. The experimental results on five datasets demonstrate
that EA6D significantly outperforms current state-of-the-art
self-supervised methods, particularly in its ability to gener-
alize to previously unseen scenarios.
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