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Abstract

In the effort to achieve robust and generalizable category-
level object pose estimation, recent methods primarily focus
on learning fundamental representations from data. How-
ever, the inherent biases within the data are often over-
looked: the repeated training samples and similar envi-
ronments may mislead the models to over-rely on spe-
cific patterns, hindering models’ performance on novel in-
stances. In this paper, we present CleanPose, a novel
method that mitigates the data biases to enhance category-
level pose estimation by integrating causal learning and
knowledge distillation. By incorporating key causal vari-
ables (structural information and hidden confounders) into
causal modeling, we propose the causal inference mod-
ule based on front-door adjustment, which promotes un-
biased estimation by reducing potential spurious correla-
tions. Additionally, to further confront the data bias at
the feature level, we devise a residual-based knowledge
distillation approach to transfer unbiased semantic knowl-
edge from 3D foundation model, providing comprehensive
causal supervision. Extensive experiments across multi-
ple benchmarks (REAL275, CAMERA25 and HouseCat6D)
hightlight the superiority of proposed CleanPose over state-
of-the-art methods. Code will be available at https:
//github.com/chrislin0621/CleanPose.

1. Introduction

Category-level object pose estimation (COPE) [42] aims to
predict the 9Dof pose for arbitrary objects within prede-
fined categories. This task, unlike instance-level pose es-
timation [8, 11, 21, 41, 58], does not require high-quality
CAD models, making it feasible to perceive a broader range
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Figure 1. Comparison of (a) existing pose estimation approaches
and (b) the proposed causal learning pipeline. The causal inference
is employed to mitigate the negative effect raised by bias, and 3D
semantic knowledge distilled from foundation model is leveraged
to provide comprehensive causal guidance.

of novel objects instead of a single instance. The complex
intra-category variations have long been regarded as main
challenge of COPE, thus recent methods [1, 3, 4, 17, 19,
20, 22, 23, 56] mainly focus on model designing to capture
robust category features from data. Despite remarkable de-
velopment, the performance of COPE models remains lim-
ited [20, 23], suggesting that feature learning may not be the
fundamental issue. This prompts us to identify the key hin-
drance blocking further progress. We observe that inherent
biases are pervasive in current datasets [42], e.g., repeated
training samples and limited pose variety, which may mis-
lead COPE models to overfit to familiar object’s appearance
and poses during data fitting, as shown in Fig. 1(a). How-
ever, existing efforts often overlook these underlying data

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

5990

https://github.com/chrislin0621/CleanPose
https://github.com/chrislin0621/CleanPose


biases and the resulting negative impacts.
One way to tackle bias issue is to create broader and

more diverse datasets [6, 15, 44, 54]. Though valuable,
achieving a perfectly balanced dataset free of bias remains
nearly impossible. Additionally, the dataset’s scale is still
significantly constrained by the cost of 3D data annota-
tion [55]. Therefore, the extension of datasets does not fun-
damentally solve the hindrance, developing a causal COPE
models that can effectively confront and alleviate biases be-
comes a primary challenge.

To address this issue, we direct our attention to the
human observation mechanism. In fact, the reason why
humans can effectively handle variations among intra-
category objects is that we can leverage the analogical asso-
ciation to infer the structural features and underlying causal
relations. Moreover, the observations of numerous objects
enable humans to maintain a stable perception of novel ob-
jects across different environments and viewpoints.

Motivated by this finding, for the first time, we propose
to incorporate the causal inference [32] into the formulation
of COPE, exploiting the concepts of intervention [33] to
mitigate the negative effects caused by confounders. Here,
confounders are variables that influence both input and out-
comes, just as dataset biases in this task simultaneously
affect input sampling and output pose. The causal learn-
ing can investigate the causal relation among variables and
equip COPE models with similar cognitive abilities that hu-
mans have. However, it is non-trivial to directly incorporate
the causal inference in COPE applications because of the
following challenges: (i) The unique modality of 3D data
makes it impractical to directly apply existing causal mod-
eling techniques [14]. (ii) Subsequently, the confounders in
pose estimation task are inherently unobserved and elusive,
which further increases the challenge of identifying these
confounders. (iii) Moreover, limited training samples raise
the difficulties in learning comprehensive causal relations.

To overcome above challenges, we present CleanPose,
a concise yet effective framework with causal learning and
knowledge distillation to enhance the category-level pose
estimation, as shown in Fig. 1(b). Faced with the chal-
lenge that hidden confounders are elusive or even unob-
served in our task, we have two key designs: (i) The first
design is a causal inference module based on front-door ad-
justment, which can effectively approximate the predicted
expectations by potential confounders. Moreover, to suit-
ably represent confounders, we devise and maintain a dy-
namic queue to efficiently update training samples, similar
with MoCo [10]. To further mitigate biases, (ii) our sec-
ond design is a residual-based feature knowledge distilla-
tion module, which can transfer unbiased point cloud cate-
gory information of the 3D foundation model, ULIP-2 [47],
into our model. Since the foundation model is pretrained on
a diverse range of objects, it captures robust semantic fea-

tures that can implicitly provide comprehensive causal su-
pervision at the feature level. As demonstrated by extensive
experiments, our findings reveal the impact of integrating
causal learning to reduce biases, and providing comprehen-
sive causal supervision, enhancing the model’s robustness
and generalization.

To summarize, our main contributions are as follows:
• We propose CleanPose, the first solution to mitigate the

confoundering effect in category-level pose estimation
via causal learning. Taking inspiration from human ob-
servation mechanism, we propose to identify the causal
effect to achieve unbiased estimation, recovering correct
pose of novel instances within predefined categories.

• To provide comprehensive causal supervision and en-
hance intra-category generalization, we develop a resid-
ual category knowledge distillation approach to transfer
rich and unbiased 3D semantic knowledge from 3D foun-
dation models into COPE networks.

• Our proposed CleanPose achieves state-of-the-art
performance on three mainstream challenge bench-
marks (REAL275 [42], CAMERA25 [42] and House-
Cat6D [15]). For instance, the accuracy attains 61.7% on
rigorous metric 5°2 cm of REAL275 dataset, surpassing
the current best method with a large margin by 4.7%.

2. Related Works
Category-level Object Pose Estimation. The objective of
this task encompasses predicting the 9DoF pose for unseen
objects within predefined categories. To address this chal-
lenging task, pioneer method NOCS [42] suggests mapping
input shape to a normalized canonical space and recover-
ing the pose via Umeyama algorithm [39]. SPD [38] pro-
poses a method for deriving and utilizing the shape prior
for each category. This crucial insight inspires many subse-
quent prior-based works [5, 17, 18], which further improve
the use of shape priors, continuously improving the pose
estimation performance. More recently, prior-free meth-
ods [3, 4, 20, 22, 56] have achieved impressive perfor-
mance. VI-Net [20] separates rotation into viewpoint and
in-plane rotations, while SecondPose [3] propose to extract
hierarchical panel-based geometric features for point cloud.
AG-Pose [22] achieves current state-of-the-art performance
by explicitly extract local and global geometric keypoint
information of different instances. However, above meth-
ods have not fully considered the dataset biases behind the
task, which may leads the models to learn spurious corre-
lations, damaging the generalization ability to unseen in-
stances within the categories.
Causal Inference. Causality [32] is an emerging technique
refering to the modeling the relationships between factors
in a task from a human perspective. Recent methods have
incorporated causal inference to improve the performance
of DNNs in computer vision domains, e.g., object detec-
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Figure 2. Illustration of the structural causal model of COPE.

tion [45, 51], image captioning [24, 48] and vision-language
task [43, 49, 53]. Though valuable, these methods can flex-
ibly identify confounders due to natural prompts in data,
e.g., the keywords in instructions [43] and salient regions in
an image [45], which are inapplicable for point cloud data.

In 3D domain, several works have focused on enhanc-
ing the robustness of point cloud classification [14] or 3D
reconstruction [27] with causal inference. However, it is
non-trivial to adapt these approaches to pose estimation due
to the inherent differences in human modeling among these
tasks. In this work, we propose a specific causal learning
approach based on front-door adjustment for category-level
pose estimation for the first time.
Knowledge Distillation. Knowledge distillation [12] is a
technique that transfers knowledge from a teacher model to
a student model. Transferring the knowledge of foundation
models for downstream tasks has been proven to be effec-
tive [7, 13, 60]. ViLD [7] distill knowledge from CLIP [36]
to achieve open-vocabulary object detection, while some
methods [13, 60] utilize the generalizability of VLMs to ad-
dress the video recognition task. In this work, we leverage
the 3D foundation model ULIP-2 [47] as a teacher model to
guide the student model in correcting biases at the feature
level, enhancing the robustness and generalization capabili-
ties of COPE model from multiple perspectives.

3. Preliminaries
3.1. Task Formulation
Given an RGB-D image containing objects from a prede-
fined set of categories, off-the-shelf segmentation models
such as MaskRCNN [9] are employed to obtain masks and
category labels for each object in a image. Then, the seg-
mentation masks can be utilized to get the cropped RGB
image Iobj ∈ RH×W×3 and the point cloud Pobj ∈ RN×3,
where N is the number of points and Pobj is acquired by
back-projecting the cropped depth image with camera in-
trinsics followed by a downsampling process. With the in-
put Iobj and Pobj , the objective of COPE [42] is to recover

the 9DoF poses, including the 3D rotation R ∈ SO(3), the
3D translation t ∈ R3, and 3D metric size s ∈ R3.

3.2. The Causal Modeling of CleanPose
To quantify the underlying logic behind human observation,
we construct a structural causal model [32, 33] capturing the
relationship among the key variables in COPE: visual input
X , output pose Y , mediatorM and hidden confounders U .
We illustrate the causal model in Fig. 2, where each direct
link denotes a causal relationship between two nodes.
• X → M → Y (Front-door path): Typically, humans

first recognize the structural information of an object, i.e.,
keypoints [22, 56], and then determine the object’s pose
based on the similar poses of other objects within this cat-
egory. This process involves identifying keypoints of the
object and their relative positions, and leveraging this in-
formation to perform pose estimation. We use mediator
M to represent such structural information and describe
such process via the causal path X →M→ Y , which is
also referred to as the front-door path.

• X ← U → Y (Hidden confounders): The confounders
are extraneous variables that influence both inputs and
outputs, e.g., dataset biases [15, 54] or category spe-
cific attributes [38]. U → X exists because the input
data is inevitably affected by the limited resources in real
world and sampling noises from sensors when collection
and simulation. Moreover, U → Y emerges because
collected scenes, annotation bias, or the variety of pose
also affect the probability of pose distributions. Existing
COPE methods tend to model the statistical correlations
P (Y|X ), given the optimization goal of maximizing the
pose accuracy [57]. With the lack of modeling of hidden
confounders, no matter how large the amount of training
data is, the model can not identify the true causal effect
from X to Y .

4. Methodology
4.1. Feature Extractor
Following [22], we utilize the PointNet++ [35] to extract
point feature FP ∈ RN×C1 of input point cloud Pobj . As
for the RGB image Iobj , we adopt DINOv2 (ViT-S/14) [31]
as our image feature extractor, which has been proven to
extract abundant semantic-aware information from RGB
images [34]. We select those pixel features correspond-
ing to Pobj and utilize linear interpolation to propagate
the original DINOv2 features into the final RGB features
FI ∈ RN×C2 . Eventually, we concatenate FP and FI to
form Fobj ∈ RN×C as the input for the subsequent net-
works.

4.2. Causal Inference of CleanPose
The Adjustment Formulation. To avoid making the pose
estimation process overfit to specific hidden confounders,
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Figure 3. (a) Framework of CleanPose. (b) Causal inference based on front-door adjustment is employed for mitigating potential spurious
correlations, promoting unbiased pose estimation. Moreover, the proposed (c) residual-based knowledge distillation module can efficiently
provide comprehensive category-specific guidance.

we propose to perform causal modeling according to the
causal graph and the concepts of intervention [32]. Specif-
ically, the process of intervention can be reflected as do-
operation [33], which provides scientifically sound meth-
ods for determining causal effects, as shown in Fig. 3(b).
The specific casual modeling via do-operation is as follow.
Based on Bayes’s theorem, the typical observational likeli-
hood is as:

P (Y|X ) =
∑
u

P (Y|X , u)P (u|X ), (1)

where P (u|X ) would bring biased weights. Then we per-
form the do-operation on inputs X , which amounts to re-
moving all edges directed into that variable in the graph
model, i.e., from hidden confounders U . According to the
invariance and independence rules [33], we have:

P (Y|do(X )) =
∑
u

P (Y|do(X ), u)P (u|do(X )) (2)

=
∑
u

P (Y|X , u)P (u). (3)

In this way, the intervention is realized by blocking the
causal path U → X . The Eq. (3) is also known as the ad-
justment formulation [32].
Front-door Adjustment Causal Learning. In the previous
section, we have clarified meaning of the front-door path
X → M → Y . In COPE task, the DNNs-based models
P (Y|X ) =

∑
m P (Y|m)P (m|X ) will choose the suitable

knowledgeM from input X for pose estimation results Y .

Due to the presence of the mediators M, applying adjust-
ment Eq. (3) solely to the inputs X is insufficient to fully
block the confounding effects [43]. Therefore, we imple-
ment continuous intervention in both stages of front-door
path [33], i.e., by simultaneously applying do-operation to
X andM. First, the effect of X onM is identifiable:

P (M|do(X )) = P (M|X ). (4)

Then, for the second stageM → Y , we apply the adjust-
ment formulation and have:

P (Y|do(M)) =
∑
x′

P (Y|M, x′)P (x′). (5)

Here, x′ denotes potential inputs of the whole representa-
tion space, different from current inputs X = x. To chain
together these two partial effects to obtain the overall effect
of X on Y , we sum over all states m ofM to form overall
front-door adjustment as follow:

P (Y|do(X )) =
∑
m

P (Y|do(m))P (m|do(X )) (6)

=
∑
x′

P (x′)
∑
m

P (Y|m,x′)P (m|X ). (7)

From the above derivation, we can observe that the front-
door adjustment in causal inference involves the intermedi-
ate knowledge of current input X = x (i.e., the current fea-
tures) as well as the cross-sampling features of other sam-
ples from the entire training set. We utilize the bold symbol
m and x′ to represent these two components respectively.
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Here, the intermediate knowledge is extracted from current
input m ∼ x. Detailed methods for sampling x′ are intro-
duced in subsequent sections.

For convenience, we define the network module as a lin-
ear function f(x,x′) to model the computation of x and x′

to obtain Y . Meanwhile, according to the Bayes’ rule and
the definition of Expected values, the front-door adjustment
FD(·) of Eq. (7) can be expressed as:

P (Y|do(X )) = FD(x,x′) (8)

= Ex′Em|x[f(x,x
′)], (9)

where the linear function is used as f(x,x′) = fx(x) +
fx′(x′). Hence, based on the linear mapping model, the
Eq. (9) can be formulated as Ex′ [x′] + Em|x[m]. Since
the closed-form solution of expected values are difficult to
obtain in the complex representation space [43], we employ
the query mechanism to achieve the estimation:

Ex′ [x′] ≈
∑
x′

P (x′|g1)x
′ =

∑
i

exp
(
g1x

′T
i

)∑
j exp

(
g1x′T

j

)x′
i (10)

Em|x[m] ≈
∑
m

P (m|g2)m =
∑
i

exp
(
g2m

T
i

)∑
j exp

(
g2mT

j

)mi,

(11)

where g1 = q1(x) and g2 = q2(x) are two embedding
functions [29, 48] that transmit input x into two query sets.
Then, the front-door adjustment FD(·) is approximated as
follows:

FD(x,x′) = Ex′ [x′] + Em|x[m]. (12)

As we realize an approximate estimation through a query-
ing mechanism, multi-head attention [40] can be efficiently
employed to handle the aforementioned process.

Specific Network Design. Although the derivation is clear,
how to implement the causal inference in networks presents
a significant technical challenge. Considering the charac-
teristics of COPE, we propose leveraging the keypoint fea-
tures of object as the intermediate knowledge m, since the
keypoints that are evenly distributed on the surface can ef-
fectively capture structure and pose information of the ob-
ject. Specifically, with the fusion input feature Fobj , we
detect Nkpt local keypoints and perform global informa-
tion aggregation to extract features Fkpt ∈ RNkpt×C , fol-
lowing previous keypoint-based methods [22, 25]. As for
the cross-sampling features x′, one straightforward way is
to construct a memory bank of all features and randomly
sample a certain number of features from it as the cross-
sampling features. Afterward, the memory bank is updated
at the corresponding positions using the features from the
current mini-batch [46]. However, this intuitive approach
is not applicable to our task, since the memory bank should
cover all samples, it may not capture the dynamic variations
of features during training. The lack of feature consistency

could introduce additional confounders, which will nega-
tively impact the models to focus on correct causal relations.

To this end, we draw inspiration from MoCo [10] and
devise a features sampling approach based on a dynamic
queue. Specifically, we first construct a 2D queue with a
shape of Nc × Nq , where Nc and Nq represent the num-
ber of categories and the queue length of each category,
respectively. We then select training instances at random
equal to Nq for each category, extract their features using
3D encoders of ULIP-2 [47], and store them into the queue
to complete the initialization. Subsequently, we randomly
sample Ns features from the queue to form x′, which is de-
noted as Fsamp ∈ RNs×C in the networks. To maintain
feature consistency within the queue, we update it using the
output features Ff from the current epoch using a first-in-
first-out (FIFO) strategy. Following Eq. (10) to Eq. (12), the
causality-enhanced features Ff are obtained as follow:

Fs = SA(Fkpt),Fc = CA(Fkpt,Fsamp) (13)

Ff = LN(Fs + Fc), (14)
where SA(·) and CA(·) represent multi-head self-attention

and cross-attention, respectively. LN (·) denotes the layer
normalization. Furthermore, to strengthen the stability of
learning by fusing causality-enhanced features with origi-
nal keypoint features of objects, we introduce an adaptive
weight fusion method:

wa = σ(FfWf + FkptWk) (15)

Ff ← wa ⊙Ff + (1− wa)⊙Fkpt, (16)

where σ and ⊙ mean Sigmoid function and element-wise
multiplication. Suppose Wf/k ∈ RC×1 is learnable weight
parameter.

4.3. Knowledge Distillation
As mentioned in above section, the foundation model is
trained on a broader dataset covering a wide range of cat-
egories and scenarios, enabling it to be exposed to diverse
data distributions and to implicitly learn more robust debi-
ased feature representations, which can supervise the COPE
model to confront biases at the feature level. Inspired by
the feature alignment design [13, 59, 60] to transfer visual-
language knowledge to different tasks, we exploit 3D foun-
dation model ULIP-2 [47] as the teacher model to provide
causal guidance for COPE model. Specifically, we intro-
duce a residual-based approach to distill debiasing knowl-
edge from 3D foundation models into COPE network, as
shown in Fig. 3(c). Unlike CLIPose [23] exploits con-
trastive learning to extract semantic knowledge from text
and image modalities, we leverage the pre-trained 3D en-
coder of ULIP-2, which possesses strong awareness of point
cloud structures and category information. Specifically,
given the input point cloud of a object Pobj , we can directly
feed it into the frozen 3D Encoder ΦULIP of ULIP-2, which
can be written as:

FULIP
P = ΦULIP (Pobj), (17)
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where FULIP
P ∈ R1×C3 denotes the [CLS] token in Point

Transformer. The feature of [CLS] token embeds repre-
sentation of the whole point cloud. To obtain the represen-
tation of our model, we employ a simple average pooling
on point features and get Favg

P ∈ R1×C1 , we have:

Favg
P = AvgPool(FP ). (18)

Then, we apply a modified residual distillation network on
Favg

P to transform with two MLP projectors K1 and K2:

F̂avg
P = Favg

P + µ×K2(δ(K1(Favg
P ))), (19)

where K1/2 ∈ RC1×C1 , δ represents GeLU function and
µ is a balancing parameter. Moreover, we initialize the pa-
rameters of the second layer K2 as zeros. Therefore, F̂avg

P
initially contains onlyFavg

P and is gradually updated, which
avoids introducing additional confounders. Lastly, we can
utilize L2 loss to supervise the category knowledge distilla-
tion:

LKD =
1

B

B∑
i

∥∥∥FULIP
P − ψ(F̂avg

P )
∥∥∥
2
, (20)

where ψ ∈ RC1×C3 is a learnable embedding layer and B
denotes the batch size. In this way, we effectively trans-
fer the debiasing knowledge from the foundation model
to the COPE model, further mitigating the interference of
data biases. Moreover, the tuned point cloud features of
our model can effectively receive supervision from gener-
alized ones, facilitating comprehensive category knowledge
learning and enhancing the model’s intra-category general-
ization.

4.4. Pose Estimation and Overall Loss Function
With the obtained causality-enhanced features, following
previous works [19, 22], we recover the final pose and size
R, t, s via set of keypoint-level correspondences containing
global features and points. A simply L1 Loss is used to
supervise the predicted pose, in formula:

Lpose = ∥Rgt −R∥2 + ∥tgt − t∥2 + ∥sgt − s∥2 , (21)

where Rgt, tgt, sgt means the ground truth rotation, trans-
lation and size. For more details please refer to supplemen-
tary or [22]. Hence, the overall loss function is as follow:

Lall = α1Lpose + α2LKD, (22)

where α1, α2 are hyper-parameters to balanced the contri-
bution of each term. We omit some loss terms for brevity.
Please refer to appendix for more details.

5. Experiments
Datasets. Following previous works [3, 20, 22, 23, 57], we
conduct experiments not only on two mainstream NOCS
benchmarks, REAL275 [42] and CAMERA25 [42] as well
as HouseCat6D [15] datasets. REAL275 is a challenge
real-world dataset that contains objects from 6 categories.

The training data consists of 4.3k images from 7 scenes,
while testing data includes 2.75k from 6 scenes and 3 ob-
jects from each category. CAMERA25 is a synthetic dataset
that ontains the same categories as REAL275. It provides
300k synthetic RGB-D images of objects rendered on vir-
tual background, with 25k images are withhold for test-
ing. HouseCat6D is a comprehensive multi-modal real-
world dataset and encompasses 10 household categories.
The training set consists of 20k frames from 34 scenes and
testing set consists of 3k frames across 5 scenes. With a
total of 194 objects, each category contains 19 objects on
average.
Evaluation Metrics. Following [3, 22], we evaluate the
model performance with two metrics. (i) 3D IoU. As for
NOCS dataset, we report mean average precision (mAP) of
CATRE [28] Intersection over Union (IoU) with the thresh-
olds of 75%. For the HouseCat6D dataset, we report the
mAP of 3D IoU under thresholds of 25% and 50%. (ii)
n°m cm. We also utilize the combination of rotation and
translation metrics of 5°2 cm, 5°5 cm, 10°2 cm and 10°5
cm, which means the estimation is considered correct when
the error is below a threshold.
Implementation Details. For a fair comparison, we uti-
lize the same segmentation masks as AG-Pose [22] and
DPDN [19] from MaskRCNN [9] and resize them to 224×
224. For model parameters, the feature dimensions are set
as C1 = C2 = 128, C3 = 768 and C = 256, respectively.
The number of point N in point cloud is 1024 and the num-
ber of keypoints Nkpt is set as 96. In dynamic queue, we
set the size of queueNq to 80 and randomly selectNs = 12
features. For the use of pre-trained 3D models of ULIP-2,
we apply PointBert [50] for knowledge distillation and em-
ploy PointNet++ [35] for queue construction. For the hyper-
parameters setting, the balancing parameter µ in residual
network is set as 0.1 following [13], and α1, α2 in overall
loss function are 1 and 0.01, respectively. For model opti-
mizing, we employ the same data augmentation approach
as previous works [19, 22], which leverage random rotation
degree sampled from U (0, 20) and rotation ∆t ∼ U (-0.02,
0.02) and scaling ∆s ∼ U (-0.18, 1.2). The network is train-
ing on a single NVIDIA L40 GPU for a total of 120k itera-
tions by the Adam [16] optimizer, with a mini training batch
is 24 and a learning rate range from 2e-5 to 5e-4 based on
triangular2 cyclical schedule [37].

5.1. Comparison with State-of-the-Art Methods

As shown in Fig. 4, our method outperforms prior-free
SOTA methods across key metrics in different datasets.
Performance on REAL275 dataset. The comparisons be-
tween proposed CleanPose and previous methods on chal-
lenging REAL275 dataset are shown in Tab. 1. As can be
easily observed, our CleanPose achieves the state-of-the-
art performance in all metrics and outperforms all previous
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Methods Venue/Source Shape Prior IoU∗
75↑ 5°2cm↑ 5°5cm↑ 10°2cm↑ 10°5cm↑

DPDN[19] ECCV’22 ✓ 54.0 46.0 50.7 70.4 78.4
MH6D[26] TNNLS’24 ✓ 54.2 53.0 61.1 72.0 82.0
GCE-Pose[17] CVPR’25 ✓ - 57.0 65.1 75.6 86.3

HS-Pose[56] CVPR’23 ✗ 39.1 45.3 54.9 68.6 83.6
VI-Net[20] ICCV’23 ✗ 48.3 50.0 57.6 70.8 82.1
CLIPose[23] TCSVT’24 ✗ - 48.5 58.2 70.3 85.1
GenPose[52] NeurIPS’23 ✗ - 52.1 60.9 72.4 84.0
SecondPose[3] CVPR’24 ✗ 49.7 56.2 63.6 74.7 86.0
AG-Pose[22] CVPR’24 ✗ 61.3 57.0 64.6 75.1 84.7

CleanPose (ours) ✗ 62.7 61.7 67.6 78.3 86.3

Table 1. Comparisons with state-of-the-art methods on REAL275 dataset. ↑: a higher value indicating better performance. ‘*’ denotes
CATRE [28] IoU metrics and ‘-’ means unavailable statistics. Overall best results are in bold and the second best results are underlined.

Methods IoU∗
75 5°2cm 5°5cm 10°2cm 10°5cm

HS-Pose[56] - 73.3 80.5 80.4 89.4
CLIPose[23] - 74.8 82.2 82.0 91.2
GeoReF[57] 79.2 77.9 84.0 83.8 90.5
AG-Pose[22] 81.2 79.5 83.7 87.1 92.6

CleanPose (ours) 80.7 80.3 84.2 87.7 92.7

Table 2. Comparisons with state-of-the-art methods on CAM-
ERA25 dataset. A higher value indicating better performance. ‘*’
denotes CATRE [28] IoU metrics and ‘-’ means unavailable statis-
tics. Overall best results are in bold and the second best results are
underlined.

Methods IoU25 IoU50 5°2cm 5°5cm 10°2cm 10°5cm

FS-Net[2] 74.9 48.0 3.3 4.2 17.1 21.6
GPV-Pose[4] 74.9 50.7 3.5 4.6 17.8 22.7
VI-Net[20] 80.7 56.4 8.4 10.3 20.5 29.1
SecondPose[3] 83.7 66.1 11.0 13.4 25.3 35.7
AG-Pose[22] 88.1 76.9 21.3 22.1 51.3 54.3

CleanPose (ours) 89.2 79.8 22.4 24.1 51.6 56.5

Table 3. Comparisons with prior-free state-of-the-art methods
on HouseCat6D dataset. A higher value indicating better perfor-
mance. Overall best results are in bold and the second best results
are underlined.

methods on REAL275 dataset. Significantly, we achieve the
precision of 61.7%, 67.6% and 78.3% in the rigorous met-
ric of 5°2 cm, 5°5 cm and 10°2 cm, surpassing the current
prior-free state-of-the-art method AG-Pose [22] with a large
margin by 4.7%, 3.0% and 3.2%, respectively. Our method
even outperforms prior-based sota method GCE-Pose [17]
by 4.7%, 2.5% and 2.7% in above three rigorous metric.
Moreover, the qualitative results of AG-Pose and proposed
CleanPose are shown in Fig. 5. It can be observed that our
method achieves significantly higher precision. These ex-
ceptional outcomes further support the efficacy of our ap-
proach. Please refer to appendix for detailed comparison
with SOTA method.

REAL275
5°2cm

REAL275
5°5cm

REAL275
10°2cm

REAL275
IoU75*

HouseCat6D
5°5cm

HouseCat6D
IoU50

CleanPose (ours)

VI-Net (ICCV’23)

SecondPose (CVPR’24)

AG-Pose (CVPR’24)

Figure 4. Comparison of ours with prior-free SOTA methods.

AG-Pose

CleanPose

Figure 5. Qualitative comparison on REAL275 [42]. We compare
the predictions of CleanPose and the baseline AG-Pose [22]. The
ground truth is marked by white borders.

Performance on CAMERA25 dataset. The comparison
results are presented in Tab. 2. From the observation of re-
sults, it can be deduced that CleanPose ranks top perfor-
mance across all the metrics except IoU75, in which our
method also achieves comparable performance with the best
(80.7% vs. 81.2%). In detail, CleanPose achieves 80.3% on
5°2 cm, 84.2% on 5°5 cm and 87.7% on 10°2 cm, respec-
tively. This superior performance on synthetic dataset fur-
ther proves the effectiveness of CleanPose.
Performance on HouseCat6D dataset. In Tab. 3, we eval-
uate our method on HouseCat6D [15] dataset. The proposed
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ID Causal Distillation 5°2cm 5°5cm 10°2cm 10°5cm

1 ✗ ✗ 57.0 64.6 75.1 84.7
2 ✓ ✗ 59.7 66.5 77.5 86.0
3 ✗ ✓ 57.9 65.5 76.1 85.2
4 ✓ ✓ 61.7 67.6 78.3 86.3

Table 4. Effect of causal learning and knowledge distillation.

CleanPose again achieves state-of-the-art performance in all
metrics. In detail, our method outperforms the current best
method AG-Pose [22] by 2.9% on IoU50, 1.1% on 5°2 cm,
2.0% on 5°5 cm and 2.1% on 10°5 cm, respectively. The
overall and category-wise evaluation of 3D IoU on House-
Cat6D dataset is provided in appendix.

5.2. Ablation Studies
We conduct ablation experiments to demonstrate the effec-
tiveness of the proposed method on REAL275 dataset [42].
Effect of Causal Learning and Knowledge Distillation.
In Tab. 4, we perform ablations of the proposed two main
components. We adopt AG-Pose [22] as our baseline, which
servers as the current sota framework in COPE. The results
indicate that the integration of causal inference or knowl-
edge distillation leads to significant enhancements in the
model’s performance. This strongly demonstrates causal
learning’s considerable potential and the effectiveness of
comprehensive category information guidance in COPE.
Effect of different feature storage methods and update
strategies. In Tab. 5a, we investigate the impact of dis-
tinct combinations of feature storage and update strategies.
‘Similarity’ represents updating the closest features via sim-
ilarity computation. The results indicate that employing the
dynamic queue and FIFO update mechanism yields the best
performance. We owe the advantage to the dynamic queue’s
superior ability to capture feature variations compared to a
memory bank. Moreover, the FIFO ensures the removal of
outdated features, which is beneficial for causal inference.
Effect of adaptive fusion method. As shown in Tab. 5b,
our model achieves sota performance even without feature
fusion. Introduction of the adaptive feature fusion method
further improves the results in rigorous metrics.
Effect of distinct category knowledge learning policies.
In Tab. 5c, we assess the impact of category knowledge
learning policies. ‘Concat’ means directly concatenating
FULIP

P and FP , while ‘Contrastive’ indicates aligning
above two features via contrastive learning. Our proposed
residual distillation policy achieves the best performance
since the residual layers effectively balance feature learn-
ing and category knowledge transfer.
Effect of different 3D encoders. Tab. 5d illustrates the
impact of using different 3D encoders in the distillation.
Objectively, the pre-trained PointBert [50] realizes the sota
point cloud zero-shot classification results [47]. Our model

Data Update 5°2cm 5°5cm 10°2cm 10°5cm

Queue FIFO 61.7 67.6 78.3 86.3
Queue w/o update 57.1 66.1 77.5 85.7
Queue Similarity 61.0 67.1 77.6 86.0

Memory bank w/o update 57.6 66.4 75.6 85.5
Memory bank Similarity 59.1 66.9 77.5 86.1

(a) Effect of different feature storage methods and update strategies.

AF 5°2cm 5°5cm 10°2cm 10°5cm

✗ 60.5 66.5 78.8 86.5
✓ 61.7 67.6 78.3 86.3

(b) Effect of adaptive fusion in front-door adjustment.

Policies 5°2cm 5°5cm 10°2cm 10°5cm

Concat 60.0 66.7 77.9 85.9
Contrastive 59.8 66.5 77.6 85.8
Distillation 61.7 67.6 78.3 86.3

(c) Effect of distinct category knowledge learning policies.

3D Encoder 5°2cm 5°5cm 10°2cm 10°5cm

PointNet++[35] 59.6 66.8 77.7 85.8
PointMLP[30] 60.8 67.2 77.4 86.0
PointBert[50] 61.7 67.6 78.3 86.3

(d) Effect of different 3D encoders of ULIP-2 [47] for distillation.

Table 5. Ablation studies on key details. Default settings are col-
ored in gray .

is also more performant using PointBert. Moreover, since
our method selects PointNet++ as 3D encoder, we hypothe-
size that when the teacher and student models share similar
architectures (e.g., both using PointNet++), the distillation
may mislead the student model to focus on feature struc-
ture similarity rather than transferring category knowledge.
Please refer to appendix for more ablations.

6. Conclusion

In this paper, we present CleanPose, the first solution that
addresses the dataset biases in category-level pose estima-
tion from the perspective of causal learning. Motivated by
pivotal observation that humans can learn inherent causality
beyond biases, we formulate the modeling of crucial causal
variables and develop a causal inference framework in
COPE task. Furthermore, we devise a residual knowledge
distillation network to transfer unbiased semantics knowl-
edge from 3D foundation model, providing comprehensive
causal guidance to achieve unbiased estimation. Extensive
experiments on challenging benchmarks demonstrate that
CleanPose can significantly improve performance, showing
the effectiveness of our method.
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