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Abstract

Object pose estimation, crucial in computer vision and
robotics applications, faces challenges with the diversity of
unseen categories. We propose a zero-shot method to achieve
category-level 6-DOF object pose estimation, which exploits
both 2D and 3D universal features of input RGB-D im-
age to establish semantic similarity-based correspondences
and can be extended to unseen categories without additional
model fine-tuning. Our method begins with combining effi-
cient 2D universal features to find sparse correspondences
between intra-category objects and gets initial coarse pose.
To handle the correspondence degradation of 2D universal
features if the pose deviates much from the target pose, we
use an iterative strategy to optimize the pose. Subsequently,
to resolve pose ambiguities due to shape differences between
intra-category objects, the coarse pose is refined by optimiz-
ing with dense alignment constraint of 3D universal features.
Our method outperforms previous methods on the REAL275
and Wild6D benchmarks for unseen categories.

Project Page — https://iscas3dv.github.io/universal6dpose/

Introduction

Object pose estimation, which aims to estimate the orienta-
tion and location of an object in 3D space, is a long-standing
challenge and plays a key role in AR/VR and robotics appli-
cations. Instance-level methods (Labbé et al. 2020; Xiang
et al. 2017; Li et al. 2018) achieve pose estimation for seen
instances. To deal with unseen instances of the same cate-
gory, category-level methods (Zhang et al. 2022; Wang et al.
2019a; He et al. 2022) introduce a mean shape for a category
object with improved model attention to texture and geome-
try details, while these methods require retraining or model
fine-tuning when applied to unseen categories. To address
this limitation, we aim to address zero-shot category-level
object pose estimation from input RGB-D, which utilizes
both 2D and 3D universal features from pre-trained models
to achieve pose estimation for unseen categories.

Witnessed by a strong ability to establish correlations
(Amir et al. 2021; Zhang et al. 2022) with 2D universal fea-
tures extracted by the foundation models (Caron et al. 2021;
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Oquab et al. 2023; Rombach et al. 2022) pre-trained on
large-scale datasets, recent work has explored 2D universal
features to estimate object pose, such as FoundPose (Ornek
et al. 2023), FoundationPose (Wen et al. 2024) and Zero-
Pose (Goodwin et al. 2022). FoundPose needs to know the
model of the instance object in advance, and Foundation-
Pose needs to use multi-view images to model the object
before pose estimation. These settings require strong object
shape priors and are difficult to extend to unseen categories.
Zero-Pose establishes 2D correspondences for object pose
estimation using DINOv1 (Caron et al. 2021). We find that
DINOV1 is less effective in building correspondences and is
severely affected by object pose (Fig. 1 (b)). The correspon-
dence will degrade if the pose difference between the refer-
ence image and the target image is large (Fig. 3). They also
do not consider shape differences between intra-category
objects, resulting in biased correspondences and inaccurate
pose estimation (Fig. 1 (c¢)). Similarly to 2D universal fea-
tures, 3D universal features, extracted by pre-trained models
such as DGCNN (Wang et al. 2019c) can provide effective
geometric clues for correspondence, while they are barely
used in object pose estimation. Inspired by this, we utilize
both 2D and 3D universal features to solve the 6-DOF pose
estimation for unseen categories without model training or
fine-tuning, achieving a zero-shot category-level pose esti-
mation. In particular, we do not need to know the 3D model
of the instance objects. Our method offers superior gener-
alizability over traditional instance-level and category-level
methods (Fig. 1 (a)).

In this paper, we design a coarse-to-fine framework for ac-
curate 6-DOF pose estimation. At the coarse stage, it iden-
tifies sparse correspondences to solve an initial coarse ob-
ject pose. Given an input RGB-D image, we use a refer-
ence model of the interested category to render reference
images and extract 2D universal features from both the tar-
get and rendered reference images. We then calculate the co-
sine similarity map between the 2D features and use cyclical
distance to select Top-k correspondences. Combined with
the depth map and camera intrinsics, we choose the Top-k
keypoints in the camera coordinate and calculate the trans-
formation from the reference to the target space to get the
initial coarse 6-DOF object pose by a least-squares solution.
To deal with the problem of feature correspondence degra-
dation of 2D universal features if the initial pose deviates
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Figure 1: (a) We propose a zero-shot pose estimation method for unseen categories using universal features and obtain accurate
results for multi-category scenes. Our method offers cost-efficient and superior generalization ability over traditional instance-
level and category-level methods. (b) The correspondence with universal features degrades when pose has large gaps. (c) The
shape gap between objects will cause pose ambiguity in optimization. These challenges affect the accuracy of pose estimation.

much from the target pose, we use an iterative strategy to op-
timize the correspondence and coarse pose. After the coarse
pose estimation, we map the reference model to the target
image space to perform pose refinement with pixel-wise op-
timization. In order to resolve pose ambiguities due to shape
differences between intra-category objects during the opti-
mization, we employ 3D universal features extracted from
the point cloud to refine the 6-DOF object pose and the ref-
erence model iteratively by dense pixel-level registration.

The main contribution of our method can be summa-
rized as follows: 1) We propose a 2D/3D universal fea-
tures guided zero-shot category-level object pose estimation
with coarse-to-fine optimization. To deal with the correspon-
dence degrade issue of 2D universal features, we use an it-
erative strategy to optimize the correspondence and coarse
pose; 2) During the pose refinement, to handle pose am-
biguity due to intra-category shape difference, we employ
3D universal features to refine the 6-DOF object and the
shape of reference model by dense pixel-level registration;
3) Experiments on the REAL275 (Wang et al. 2019b) and
Wild6D (Ze and Wang 2022) benchmarks demonstrate that
our method establishes robust correspondences based on
pretrained 2D/3D universal features, resulting in accurate
pose estimation based on coarse-to-fine optimization.

Related Work

Instance-Level Object Pose Estimation. Instance-level ob-
ject pose estimation methods regard each object as an in-
dependent entity with known object shapes. They directly
regress the object pose within each Rol through character-
istics (Labbé et al. 2020; Xiang et al. 2017; Li et al. 2018),
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or estimate the object pose through 2D-3D correspondences
based on conventional PnP (Hodan, Barath, and Matas 2020;
Peng et al. 2019; Tekin, Sinha, and Fua 2018) or PnP with
network learning (Hu et al. 2020; Wang et al. 2021). How-
ever, a major challenge for instance-level methods is that
they struggle to estimate poses on unseen objects.

Category-Level Object Pose Estimation. Category-level
object pose estimation methods divide objects into different
categories (Wang et al. 2022; Jung et al. 2024), emphasizing
the commonality between objects. They perform well in 6-
DoF pose estimation for unknown object shape (Chen et al.
2024; Di et al. 2022; Lin et al. 2024), and can directly learn
the pose distribution of objects using the shape prior (Burch-
fiel and Konidaris 2019; Sahin and Kim 2018). Previous
methods either use a Normalized Object Coordinate Space
(NOCS) representation (Wang et al. 2019a) to estimate ob-
ject pose (Chen et al. 2020; Ze and Wang 2022; Chen et al.
2021), or learn the pose distribution using geometric priors
such as shape (Tian, Ang, and Lee 2020), symmetry (Lin
et al. 2021) and keypoints (Lin et al. 2022b). The existing
category-level methods suffer from model generalization to
unseen categories.

Zero-Shot Object Pose Estimation. In order to remove
the time-consuming dataset collection requirement, several
works leverage the foundation models such DINO (Caron
et al. 2021; Oquab et al. 2023) and Stable Diffusion (SD)
(Rombach et al. 2022) for pose estimation (Goodwin et al.
2022; Chen et al. 2023). Zero-shot instance-level methods
(Ornek et al. 2023; Fan et al. 2023; Labbé et al. 2023) es-
timate the object pose of the seen instance through feature
matching based on 2D universal features such as DINO.
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Figure 2: Overview. Our framework includes a keypoint-level coarse pose estimation module and a pixel-level pose refinement
module. In the first module, we establish the correspondences between image pairs based on the 2D universal features and
calculate the coarse pose using least squares in an iterative manner. In the second module, we use pixel-level optimization
combined with 3D universal features to refine the pose and shape of reference model to obtain the fine pose.

However, these methods cannot be applied to unknown in-
stances. In order to overcome the generalization limitation
of these instance-level methods on known object instances,
the zero-shot category-level method (Goodwin et al. 2022)
is designed to be generalized to unseen objects based on uni-
versal features DINOv 1. However, this method is affected by
less effective features, especially in varied pose and shape,
resulting in inaccurate pose results, and it is verified that DI-
NOv1 is inferior to more advanced universal features such
as DINOvV2 and the combination with Stable Diffusion fea-
tures (Zhang et al. 2023; Luo et al. 2023; Tang et al. 2023).
Our method has two differences from (Goodwin et al. 2022).
First, to deal with the inefficient of DINOv1 in which the
feature similarity performance drops under a large pose gap,
we conduct a strong universal feature combined with DI-
NOvV2 and SD, and design an iterative module to conduct
feature matching under step-by-step optimized pose. Sec-
ond, to address the shape gaps, we design a pixel-level pose
refinement framework, which utilizes 3D universal features
to jointly optimize the object’s pose and shape with a new
universal alignment constraint.

Method

This paper exploits multi-modal (both 2D and 3D) universal
features to estimate object pose on unseen categories. Our
method strives to address the following three challenges, 1)
to overcome the correspondence degradation of 2D universal
features caused by large pose differences; 2) to exploit the
effect of 3D universal features for category-level object pose
estimation; 3) to handle the pose ambiguity caused by shape
differences between the reference and target object.

Our zero-shot category-level pose estimation works with
multi-modal universal features in a coarse-to-fine manner
(See Fig. 2), which first utilizes 2D universal features for
keypoint-level coarse pose estimation and then uses 3D uni-
versal features for pixel-level pose refinement. To solve the
first challenge, we propose an iterative optimization to estab-
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lish more accurate correspondences based on the rendered
reference image under updated pose. To solve the last two
issues, we perform a pixel-level pose refinement based on
3D universal features with a new universal alignment con-
straint to resolve the ambiguity between shape and pose op-
timization.

Multi-Modal Universal Features

2D Universal Features. The 2D universal features are ex-
tracted by pre-trained image models such as DINOv1 (Caron
et al. 2021), DINOv2 (Oquab et al. 2023), and Stable Diffu-
sion (SD) (Rombach et al. 2022). They provide effective tex-
ture prior information to establish semantic correspondence
between images. Given a target image I; € RT>XWx3 e
use Mask R-CNN (He et al. 2017) to predict the shape token
of the interested object and retrieve a reference mesh model
from Objaverse (Deitke et al. 2023) to render the reference
image. Given the image, we extract the universal 2D features
F by sending them to DINOv1, DINOv2 and SD:

F= ey
where F p1, F p2, Fsp denotes the features from DINOv1,
DINOvV2 and SD, and « denotes the hyperparameter that bal-
ances the proportions of different 2D universal features. We
conduct a systematic study on pose estimation over different
combinations of 2D universal features and observe that the
combination of DINOv2 and SD can leverage the strengths
of both local and global semantic similarity to generate ro-
bust correspondences, which result in an accurate pose.
3D Universal Features. DGCNN (Wang et al. 2019c¢) pre-
trained on 3D point cloud datasets could extract 3D universal
features F'3; containing geometric information. As shown in
the red dashed box of Fig. 4(a), the 3D universal features
aligned based on the initial pose contain more semantic sim-
ilarity in geometric details, which can further refine object
pose and resolve the shape ambiguities.

(ap1||Fp1ll2; ap2||Fp2ll2; aspl|Fspll2)
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Figure 3: Feature Performance Drop and Effect of Iterative
Estimation. When there are large pose differences between
objects, the 2D universal features similarity degrade. After
iterative optimization, as the objects are gradually aligned,
the correspondence between the objects become smoother,
which support to calculate an accurate pose.

Keypoint-Level Coarse Pose Estimation

We extract the 2D features for reference and target images
and leverage them to estimate the coarse pose transformation
by computing the sparse keypoint-level correspondence.
Establish Correspondence. Specifically, we render four
images {I,.} of the reference object from the front, back, and
two sides. Then, we extract 2D feature for all the reference
images {I,} and the target image I;, denoted by {F(I,)}
and F(I;), respectively. A score matrix S can be defined
based on the cosine similarity between the features:

S(pu q) = dcos(F(It)p7 F(Ir)q)7p € [17 Nt]7 q¢c []—v Nr%az)
where N; and N,. are the number of patches in the target and
the reference feature maps, d.os(, -) is the cosine similarity
between two vectors. The cyclical distance matrix D € RVt
based on S can be used to compute the correspondence for
each patch pair between the reference and target features:

Dy pein,) = d(p,argmax S(p’, arg max S(p, q))), (3)
p’ €[1:N¢] g€[1:N,.

where d(-, -) is the L2 distance. We select M correspondence
based on ascending order of D for each image pair.
Iterative Coarse Pose Estimation. For each reference and
target image pair, we can lift the 2D keypoints into 3D cam-
era space to get the reference point cloud P,, € RV*3 and
target 3D point cloud P; € RV >3 using the depth map and
camera intrinsics. Then we use Umeyama (Umeyama 1991)
with RANSAC (Fischler and Bolles 1981) to compute the
updated object pose for each reference image:

M
1
3 D [P = (sRP + T)[I3, (4)

m=1

(R, T,3) = argmin
R,T,s

where R € R**3T € R3, § € R represent the object ro-
tation, translation, and scale, respectively. We find that the
semantic similarity based on 2D universal features will de-
grade when the pose between reference and target objects
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has large differences (Fig. 3 (a)). To solve this problem, we
render the reference model with the updated coarse pose and
establish more accurate correspondences to iteratively opti-
mize the coarse pose. During the iteration, as the objects are
gradually aligned, the correspondence between the objects
become more consistent, which supports the calculation of
an accurate pose (Fig. 3 (b)). We define the confidence for
each reference image by averaging the cosine similarity of
the M correspondences, and we choose the result with the
highest confidence as the final coarse pose output.

Pixel-Level Pose Refinement

Although the keypoint-level method can achieve good re-
sults, estimating accurate object pose with a standard refer-
ence shape model for intra-category objects is still challeng-
ing, especially when the intra-category shape gap is large.
Moreover, the keypoint-level method only uses sparse key-
points, thus it does not utilize dense geometric information
to reduce the pose searching space. To address these two
issues, we propose a pose refinement module by jointly op-
timizing object shape and pose (Fig. 4 (a)), a dense pixel-
level optimization built on 3D universal features. After op-
timizing shape and pose, the objects are more accurately
aligned (Fig. 4 (b)).
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Figure 4: (a) Pose Refinement. Based on the coarse pose as
initialization, the reference model can be warped to the tar-
get space to obtain the initial mask and extract 3D univer-
sal features. Then we optimize the coarse pose and shape
by minimizing the loss function. (b) After pose refinement
stage, the pose and shape of the reference model are more
accurately aligned with the target object.

3D Universal Features Extraction. We use the coarse pose
to align the reference object with the target object, and then
feed them to the pre-trained model DGCNN to extract 3D
universal features, respectively. Compared with 2D features,
the 3D universal features can measure the 3D geometric se-
mantic similarity for intra-category objects, which tackle the
searching ambiguity in pose and shape.

Optimization Parameters. During pose refinement for each
instance, we aim to optimize the rotation AR € R3*3,
translation AT € RS, independent deformation AV €
RN>*3 for each vertex and scale As € R3. The optimized
object rotation and translation can be expressed as R =



AR x R, T = AT + T, where we abbreviate § - R as R in
Eq. 4. We define the reference mesh vertices in model coor-
dinate as V and the optimized vertices can be formulated as
V =eB3(V 4+ AV).

Loss Function. We define the loss to constrain the output
pose and object shape to guarantee feasible results, including
pose optimization loss L, and regularization loss L,.. The
purpose of pose optimization loss is to optimize the pose
and shape of the reference object to align accurately with
the target object, and regularization loss is used to constrain
the optimized reference object to be close to the initial state.
The total loss function can be defined as: L = L, + L,.
Pose Optimization Loss L,. We solve the relative motion
between the target and reference objects by minimizing a
registration objective function defined to match projected
masks, 3D universal features and shapes. Our pose optimiza-
tion loss including mask loss L,,,, Chamfer loss L. and uni-
versal alignment loss Ly as: L, = oLy + acLe + gLy,
The mask loss measures the difference between the refer-
ence mask M, and the target mask M, which can be cal-
culated as: L,, = 1 — % We use Chamfer loss L. to
enforce that the position and shape difference from the ref-
erence point cloud to the target point cloud is small. The 3D
universal features reflect the relative positional relationship
between the sampling points and the global geometry, which
contain more shape details. Therefore, we propose a new
universal alignment loss L, to ensure that the 3D universal
features between the reference object and the target object
are consistent, which can solve the ambiguity when optimiz-
ing the pose and shape of the reference model. We calculate
the cosine similarity of 3D universal features of the refer-
ence model and the target point cloud, and then make the 3D
positions between high-confidence keypoint pairs as close
as possible. The universal alignment loss can be defined as:
Lg = Nig Z(p",pt)ENg ||p7“ - pt”% ' dg()Ds(prvpt)’ where pr
and p’ represent the reference and target object point cloud,
respectively, d>2 (p”, p') represents the cosine similarity of
3D universal features between p” and p‘, N, represents the
number of point pairs that satisfy d22 (p”, p*) > 0.8.
Regularization Loss L,. During the optimization, we also
want to constrain the optimized reference model not to de-
viate greatly from the initial state. We use pose regulariza-
tion loss to enforce the refined pose to be close to the ini-
tial pose and use center point regularization loss to reduce
the object displacement before and after optimization. The
deformation regularization loss is used to constrain the de-
formation of the vertices to be small. In addition, we follow
Pytorch3D (Ravi et al. 2020) to minimize geometric distor-
tion with normal, edge, and Laplacian constraints.

Experiment

Experimental Setup

Datasets. We select Wild6D (Ze and Wang 2022) and
REAL275 (Wang et al. 2019a) for category-level object pose
estimation. Wild6D provides 5,166 videos across 1,722 dif-
ferent objects with five categories (including bottles, bowls,
cameras, laptops and mugs). REAL275 contains six testing
scenes with six categories(including bottles, bowls, cameras,
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cans, laptops and mugs). Both benchmarks provide RGB-D
images, and the foreground segmentation and shape token
are obtained by Mask R-CNN (He et al. 2017).

Evaluation Metrics. We follow REAL275 (Wang et al.
2019a) to use intersection over union (IoU) with a thresh-
old of 25% (10U »5) and 50% (IOUj 5) to evaluate 3D ob-
ject localization. For object pose estimation, we report the
average pose accuracy of unseen categories where a pose is
considered accurate when the translation errors are smaller
than m cm and rotation errors are smaller than n°. We also
compare the inference speed (s) of one frame.

Baselines. We compare our method with three types of base-
lines: 1) Supervised Methods train the models with ground
truth pose annotations, including DPDN (Lin et al. 2022a),
VI-Net (Lin et al. 2023)and SPD (Tian, Ang, and Lee 2020).
2) Self-Supervised Methods train the models without ground
truth pose annotations, including Self-Pose (Zhang et al.
2022), Wild6D (Ze and Wang 2022) and SSC-6D (Peng
et al. 2022). 3) Zero-Shot Methods without additional train-
ing including Zero-Pose (Goodwin et al. 2022) and Mega-
Pose (Labbé et al. 2023).

Experimental Settings. During comparison with baselines,
the pose estimation models are not trained on the tested
categories. We follow REAL275 (Wang et al. 2019a) and
Wild6D (Ze and Wang 2022) to divide the training set
and the test set. We adapt the leave-1 strategy for su-
pervised methods, which selects one category as the test
set and use the remaining categories to train the model.
We conduct leave-1 experiments for each category and fi-
nally take the average of them. We directly use the official
pre-trained models to conduct the leave-p experiments for
self-supervised methods, as they have the property of per-
subject-per-train. We select the model for each category,
test it on other unseen categories, and finally take the av-
erage of evaluation metrics. For the zero-shot method, we
test directly on all categories without model training or fine-
tuning. During testing, we do not provide supervised and
self-supervised methods with a reference model used in the
zero-shot method as the shape prior. Because these methods
have not seen such category shapes during training, it is im-
possible to establish an effective association with the target
object and will result in poor prediction results.

Implementation Details

We set api,apa,asp to 0, 0.7, 0.3 in Eq.1, set the a,,,
ag, o to 1, 1 and 0.1 respectively. We iteratively update
the object pose 2 times to obtain the coarse object pose and
run RANSAC up to 1,000 times for each iteration to handle
outliers. In the pose refinement stage, we use Adam (Kingma
and Ba 2014) as the optimizer to minimize the loss function.
We test our method on a single GeForce RTX 4090, costing
11.7 GB memory in coarse pose estimation stage and costing
5.5 GB memory in pose refinement stage for each instance.
Please refer to the supplementary file for more details.

Comparison Results

We show comparison results on REAL275 and Wild6D in
Tab. 1 and Fig. 5. Supervised and self-supervised methods
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Figure 5: Qualitative results on REAL275 and Wild6D. The red box represents the ground truth, and the green box represents
the estimation. Previous methods exhibit large errors when applied to unseen categories due to the significant texture and shape
differences. Our method demonstrates strong generalization on unseen categories with accurate pose estimation.

Method REAL275 WILD6D

I0Uy.25/0.5 | 5°2ecm /5°5em | 10°2em /10°5em | 10Uy 25705 | 5°2cm [ 5°5em | 10°2¢m /10°5¢m | Speed

DPDN 70.35/12.36 5.11/8.27 12.86/20.32 74.73/15.77 6.82/11.86 15.58/27.44 0.01
VI-Net 51.79/13.81 19.47/37.52 22.59/50.79 60.59/25.40 42.14/66.15 44.44/72.84 0.01
SPD 45.91/8.81 4.18/6.49 10.33/16.88 37.95/8.55 1.99/6.10 5.76/16.35 0.01
Self-Pose 60.54/ 6.96 0.40/0.48 1.44/1.98 63.34/3.61 0.10/0.98 0.38/3.44 0.01
Wild6D 48.84/12.89 5.26/7.71 12.28/18.64 55.50/15.36 10.10/16.42 20.23/36.32 0.01
SSC-6D 59.84/11.21 4.73/6.54 12.41/17.36 69.81/15.82 6.30/10.29 16.33/27.70 0.08
MegaPose 5.93/0.27 0.28/0.93 0.45/2.16 0/0 0/0 0/0.01 0.92
Zero-Pose | 82.51/58.34 21.36/22.94 43.84/49.82 86.30/55.36 24.89/43.56 41.38/71.09 0.97
Ours 80.06/63.49 30.61/33.23 50.15/57.74 88.46/67.16 47.69/60.58 59.46/80.47 3.83

Table 1: Quantitative results on REAL275 and Wild6D. Zero-Shot methods show strong generalization ability on unseen cate-
gories and our cascaded coarse-to-fine optimization strategy is more effective in accurate pose prediction

over-fit the seen category shape priors, which make them dif-
ficult to accurately predict the exact geometry of unseen cat-
egories, leading to significant errors and pose drifting. These
non-foundation models cannot establish effective semantic
similarities on unseen categories with complex texture and
shape variations. VI-Net overfits symmetric objects and ob-
tains a better 5°5c¢m result. However, when the tolerance
for rotation error increases (10°5cm), its accuracy becomes
worse than ours. Note that MegaPose fails in this experi-
mental setup. We analyze that this instance-level zero-shot
method cannot establish effective associations between dif-
ferent instances and the difference in scale between the refer-
ence object model and the target object leads to a large trans-
lation error. Our method consistently outperforms Zero-Pose
in almost all evaluation metrics, because our universal fea-
tures can find more consistent correspondences (last row of
Tab. 3), and the cascaded coarse-to-fine optimization strat-
egy is more effective in accurate pose prediction (second and
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fifth row of Tab. 2).

Ablation Results

Effect of Iterative Optimization. To investigate the effect
of iterative optimization in coarse pose estimation stage, we
evaluate the pose accuracy at different iterative steps. As
shown in Tab. 2 (Iter.), by comparing the results in the first
and second rows, we conclude that iterative optimization can
significantly improve the performance of the object pose (i.e.
5°2cm and 5°5cm). The iterative optimization can effec-
tively address the problem of correspondence degradation
if the pose deviates much from the target pose: As the es-
timated object pose improves, better correspondences will
be established between the target object and the reference
object, making the pose estimation more accurate (Fig. 3).

Effect of Pose Refinement Module. We compare the results
with and without the pose refinement module to investigate
the effect of the pose refinement module. As shown in the



Iie. | Ref. | L Def. REAL275 WILD6D
g I0Up.25/0.5 | 5°2/5em | 10°2/5em | IOUg.25/0.5 | 5° 2/5em | 10° 2/5ecm
1 X X X 77.49/59.22 | 24.16/27.10 | 47.43/54.39 | 87.17/60.36 | 32.79/52.63 | 49.08/79.55
2 X X X 80.00/58.39 | 28.56/30.94 | 48.33/55.27 | 88.17/62.77 | 42.71/57.58 | 55.99/80.69
2 v X N 80.04/63.44 | 30.35/33.13 | 49.91/57.66 | 88.45/67.11 | 47.48/60.37 | 59.35/80.42
2 v v X 80.04/58.94 | 26.74/29.18 | 44.05/54.18 | 88.32/64.79 | 45.83/59.27 | 58.00/80.19
2 v v v 80.06/63.49 | 30.61/33.23 | 50.15/57.74 | 88.46/67.16 | 47.69/60.58 | 59.46/80.47

Table 2: Ablation studies on the influence of the iterative optimization and pose refinement module. After iteration, objects can
be further aligned to establish smoother correspondences to get performance improvements. After pose refinement, the shapes
between the objects are more similar, thereby ensuring more accurate object alignment to get precise pose estimation.

Method | IOUy.25/0.5 | 5°2/5cm 10° 2/5em

“ vl 82.41/59.06 | 21.34/23.03 | 44.49/50.68
S vIi+SD | 81.19/58.20 | 21.35/23.06 | 44.46/50.34
j v2 76.47/56.96 | 21.71/24.95 | 45.04/53.00
E All 84.62/62.77 | 23.36/25.02 | 47.02/53.77
v2+SD | 77.49/59.22 | 24.16/27.10 | 47.43/54.39

vl 85.36/56.20 | 23.81/42.18 | 41.68/70.85

% vI+SD 85.53/56.30 | 23.68/42.77 | 41.61/70.77
S v2 83.87/56.90 | 30.94/46.86 | 46.36/74.05
; ALL 86.46/57.73 | 24.51/43.72 | 42.03/72.45
v2+SD | 87.17/60.36 | 32.79/52.63 | 49.08/79.55

Table 3: Ablation studies on different combinations of 2D
universal features. We find that the feature combination of
DINOV2 and SD will comprehensively utilize both global
and local context to obtain more accurate estimation results.

DINOv2+SD

DINOv1

Target DINOv1+SD DINOvZ

Figure 6: Qualitative results on different combinations of 2D
universal features.

last row of Tab. 2, the pose refinement can further improve
the pose accuracy. A critical step in pose refinement is shape
deformation. Fig. 7 (a) shows the reference shape before and
after deformation. The camera has been optimized to low the
top bulge, and shrunk the overall body. After shape defor-
mation, the bias in correspondences caused by shape differ-
ences is reduced, resulting in a better alignment and more
accurate pose estimation. By comparing the third row and
the fifth row in Tab. 2, we observe that our universal align-
ment loss L, allows for more accurate pose. Conceptually,
3D universal features can effectively build correspondences
with geometric semantic similarity, thereby constraining the
ambiguity caused by optimizing the shape and pose.

Effect of 2D Universal Features. We evaluate different
combinations of image features for object pose estimation
without iteration and pose refinement and the results are
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Reference ,,('v—"?’f = Refinement
Object N\
—»gx’@ S
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a) Shape Deformation

(b) Failure Case

Figure 7: (a) After the shape optimization, the reference ob-
ject shape will become closer to the target object shape, re-
sulting in more accurate pose. (b) The occlusion makes the
shape of the target object incomplete, causing translation
and rotation errors.

shown in Tab. 3 and Fig. 6. This experiment shows that DI-
NOV2 is more effective than DINOvV1 in capturing semantic
similarity, making the predicted scale and rotation more ac-
curate. Furthermore, combining DINOv2 with Stable Diffu-
sion can make semantic correspondences smoother because
SD features can take care of global relevance. Note *ALL’
will establish more correspondences on the boundary of ob-
ject which results in a oversize scale estimation, which re-
sults in higher IOU but inaccurate pose. Therefore, we com-
bine DINOv2 and Stable Diffusion features to establish the
most accurate correspondences for coarse pose estimation.
Limitations and Failure Cases. Computation time is the
bottleneck of our method. In real applications, we can use
the full pipeline to locate objects in the first frame and per-
form efficient pose tracking with few fitting steps in "Pose
Refinement’ initialized with pose of previous frame. The
occlusion will also affect the accuracy of the pose estima-
tion results (e.g., as shown in Fig. 7 (b)). We can use the
inpainting method (Suvorov et al. 2022) to complete the im-
age to establish correspondences, and then use the visible
point cloud for registration.

Conclusion

We propose a new universal features guided zero-shot
category-level object pose estimation method in coarse-to-
fine fashion. It can estimate the 6D pose of objects from un-
seen categories without additional model fine-tuning. Our
method efficiently utilizes 2D and 3D pre-trained universal
features to achieve strong generalization capabilities. It can
potentially help many applications deal with unseen cate-
gories and avoid additional model training or fine-tuning.
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