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Fig. 1. Overview of the proposed task setup and robotic integration for unseen object 6-DoF absolute pose estimation tailored for practical robotic applications.
(a) and (b) compare two types of manual reference view-based methods. (a) Dense reference views-based methods typically rely on 1⃝: 3D object reconstruction
or 2⃝: template matching, which is time- and memory-consuming (not suitable for robotic applications). (b) The proposed method estimates unseen object
pose from only a single reference view, providing enhanced efficiency and scalability (suitable for robotic applications). (c) and (d) are the detailed hardware
and software architectures (see Sec. IV for further description) of our integrated robotic system. We also develop an efficient semi-automatic annotator based
on the proposed task setup, enabling single reference annotation for unseen object within one minute.

Abstract—Pose estimation-guided unseen object 6-DoF robotic
manipulation is a key task in robotics. However, the scalability
of current pose estimation methods to unseen objects remains a
fundamental challenge, as they generally rely on CAD models
or dense reference views of unseen objects, which are difficult
to acquire, ultimately limit their scalability. In this paper, we
introduce a novel task setup, referred to as SinRef-6D, which
addresses 6-DoF absolute pose estimation for unseen objects
using only a single pose-labeled reference RGB-D image captured
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during robotic manipulation. This setup is more scalable yet
technically nontrivial due to large pose discrepancies and the
limited geometric and spatial information contained in a single
view. To address these issues, our key idea is to iteratively
establish point-wise alignment in a common coordinate system
with state space models (SSMs) as backbones. Specifically, to
handle large pose discrepancies, we introduce an iterative object-
space point-wise alignment strategy. Then, Point and RGB SSMs
are proposed to capture long-range spatial dependencies from
a single view, offering superior spatial modeling capability with
linear complexity. Once pre-trained on synthetic data, SinRef-
6D can estimate the 6-DoF absolute pose of an unseen object
using only a single reference view. With the estimated pose,
we further develop a hardware-software robotic system and
integrate the proposed SinRef-6D into it in real-world settings.
Extensive experiments on six benchmarks and in diverse real-
world scenarios demonstrate that our SinRef-6D offers superior
scalability. Additional robotic grasping experiments further val-
idate the effectiveness of the developed robotic system. The code
and robotic demos are available at our homepage.

Index Terms—Pose estimation, 6-DoF robotic manipulation,
unseen object, single reference, state space model.

I. INTRODUCTION

UNSEEN object 6-DoF robotic manipulation is a fun-
damental task underlying scalable robotic applications

across diverse domains [1]–[4]. At its core lies the challenge of
estimating the 6-DoF absolute pose of objects not encountered
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during training [5]–[10]. Typically, 6-DoF pose comprises of
3-DoF rotation and 3-DoF translation of an object coordinate
system relative to the camera coordinate system [11]–[17].

Object pose estimation methods can be divided into three
main categories. Instance-level methods [18]–[26] have at-
tained high precision but are limited to objects encountered
during training. In contrast, category-level methods [27]–[34]
can generalize to objects within the same category but still
necessitate retraining for novel object categories. Furthermore,
some unseen object pose estimation methods [35]–[41] have
been proposed recently that do not require retraining for novel
object categories, thereby exhibiting enhanced scalability.

Unseen object pose estimation methods can be further
divided into two categories: CAD model-based [42]–[45],
where a textured CAD model of the unseen object is required
during training and inference; manual reference view-based
[46]–[48], where a set of manually labeled reference views
of the unseen object are required. Accurate textured CAD
models can only be obtained with specialized equipment and
expert knowledge, which hinders scalability in mobile devices
[49], [50]. Since manual reference views are relatively easy
to acquire, methods in this category offer greater scalability.
Manual reference view-based methods typically solve pose
through 3D object reconstruction or directly obtain coarse pose
via template matching, as shown in Fig. 1 (a), where the switch
indicates whether 3D reconstruction is required based on dense
reference views. Dense reference views consume time for
acquisition and memory for storage. Furthermore, template
matching-based methods require the use of novel template gen-
eration techniques or an additional pose refinement overhead
which further increases the computational complexity.

To address the aforementioned challenges, our motivation
is to explore a CAD model-free, sparse reference view-based
unseen object 6-DoF absolute pose estimation framework,
eliminating the need for either 3D object reconstruction or
template-based retrieval. Specifically, we formulate the task as
the extreme case of sparse reference view, where only a single
reference is available. Motivated by robotic manipulation
scenarios, we design a scalable label collection pipeline where
each unseen object is annotated with a single RGB-D refer-
ence view in a semi-automatic manner, while absolute pose
recovery is obtained through the annotated reference view.
The overview of our task setup is shown in Fig. 1 (b). The
robot first captures the object from its default manipulation
viewpoint, and a custom-developed annotator provides the
corresponding 6-DoF pose label. Given only a single annotated
view as the sparse reference prior of an unseen object, our goal
is to accurately estimate its 6-DoF absolute pose from arbitrary
novel viewpoints in different scenes. However, using a single
reference introduces several unique challenges, including large
pose discrepancies and limited spatial information.

With the task setup, we propose a scalable SinRef-6D
framework. Our key idea is to iteratively establish point-wise
alignment between the single reference view and a query view
in a common coordinate system to solve the 6-DoF pose of
unseen objects. SinRef-6D introduces two key components: 1)
Iterative object-space point-wise alignment, which addresses
large pose discrepancies by leveraging geometric and spatial

consistency to refine pose estimation; 2) State Space Models
(SSMs), which efficiently capture long-range spatial depen-
dencies from single-view data, offering linear computational
complexity and strong spatial modeling capability. Specifi-
cally, we propose to align the reference and query point clouds
within the object coordinate system (Sec. III-C). Given the
importance of spatial information for point-wise alignment and
the need for a lightweight model for mobile deployment, we
introduce Point and RGB SSMs (Sec. III-D) to establish point-
wise alignment for pose solving (Sec. III-E). To handle the
potentially large pose discrepancies between the reference and
query views, we propose to iteratively refine the alignment in
the object coordinate system, which gives more accurate and
robust pose estimation (Sec. III-F). Furthermore, we develop a
complete hardware-software robotic system that integrates the
proposed SinRef-6D to evaluate its scalability in real-world
scenarios (Sec. IV), as shown in Fig. 1 (c) and (d). Our main
contributions are summarized as follows:

• We introduce an efficient and scalable task setup for
unseen object 6-DoF absolute pose estimation using only
a single reference view captured during robotic manip-
ulation, eliminating the need for computation-intensive
template matching and multi-view reconstruction. We
further develop an integrated hardware-software robotic
system tailored to the proposed task setup and framework,
validating their efficacy in real-world scenarios.

• We propose an object-space point-wise alignment strategy
with iterative refinement, facilitating direct alignment of
query and reference views while effectively handling
large pose discrepancies. This enhances geometric consis-
tency and spatial awareness, enabling unseen object pose
estimation without category-specific retraining.

• We propose Point and RGB SSMs to capture rich spatial
information for establishing point-wise alignment, en-
abling efficient long-range spatial modeling with linear
computational complexity.

• Extensive experiments demonstrate that our task setup
and framework enable highly scalable 6-DoF robotic
grasping of unseen objects in diverse environments.

The remainder of this paper is structured as follows. Sec.
II reviews recent advances in unseen object pose estimation.
Sec. III introduces the proposed task setup and corresponding
framework. Sec. IV describes the developed 6-DoF robotic
grasping system that integrates both hardware and software.
Sec. V presents comprehensive experimental results that vali-
date the scalability of SinRef-6D and the effectiveness of the
robotic system. Finally, Sec. VI summarizes the paper.

II. RELATED WORK

This section provides an overview of state-of-the-art meth-
ods in unseen object absolute (Sec. II-A and Sec. II-B) and
relative (Sec. II-C) pose estimation, followed by a discussion
on how our work differs from existing approaches.

A. CAD Model-based Methods

Research in the domain of CAD model-based methods first
require obtaining the precise CAD model of the unseen object,
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which is then used as prior knowledge for pose estimation.
These methods can be further categorized into 1) feature
matching-based and 2) template matching-based.

Feature matching-based methods [51]–[55] learn a model to
match features between the observed image and CAD model,
establishing 2D-3D or 3D-3D correspondences to estimate
object pose. Specifically, GCPose [52] proposes a geometry
correspondence-based approach that leverages generic, object-
agnostic geometric features to establish clear and robust 3D-
3D correspondences. SAM-6D [53] introduces a novel match-
ing score based on semantics, appearance, and geometry to
improve segmentation. For pose estimation, it employs a two-
stage point matching model to establish dense 3D-3D cor-
respondences. FreeZe [54] develops a method that combines
visual and geometric features from various pre-trained models
to improve pose prediction stability and accuracy. MatchU [55]
proposes a technique for predicting object pose from RGB-D
images by integrating 2D texture with 3D geometric cues.

Template matching-based methods [56]–[60] render multi-
ple template views of the object with different poses from
the CAD model. Then, they retrieve the template that best
matches the observed image to obtain a coarse pose, followed
by a refinement process to achieve accurate pose estimation.
For example, MegaPose [58] proposes a render-and-compare-
based method and a coarse-to-fine pose estimation strategy.
GenFlow [59] introduces a shape-constrained recurrent flow
framework that predicts optical flow between the query and
template images while iteratively refining the pose. GigaPose
[60] achieves fast and robust pose estimation by striking
an effective balance between template matching and patch
correspondences. FoundationPose [61] increases the quantity
and diversity of synthetic data based on diffusion model and
achieves superior performance through render-and-compare.

B. Manual Reference View-based Methods

To eliminate the need for a precise CAD model, manual
reference view-based methods employ manual reference views
as the prior knowledge for unseen objects. These methods
can also be categorized into 1) feature matching-based and
2) template matching-based.

Feature matching-based methods [62]–[66] aim to establish
3D-3D correspondences between the query view and reference
views, or 2D-3D correspondences between the query view
and the 3D object representation reconstructed from reference
views. Specifically, FS6D [62] proposes a dense prototype
matching method to explore geometric and semantic relations
between the query view and reference views, estimating the
pose of unseen objects using only a few reference views.
OnePose [63] first utilizes Structure from Motion (SfM) to
reconstruct the 3D representation of the unseen object using
all reference views, and then establishes 2D-3D correspon-
dences between the query view and the reconstructed 3D
representation using a graph attention network. OnePose++
[64] introduces a keypoint-free SfM method to reconstruct
a semi-dense 3D representation of textureless objects by
leveraging the detector-free feature matching approach LoFTR
[67], enhancing robustness against textureless objects.

Template matching-based methods [68]–[72] primarily uti-
lize a retrieval and refinement strategy. They directly use
labeled reference views as templates to retrieve a coarse pose,
followed by a refinement process to enhance accuracy. Specif-
ically, LatentFusion [68] reconstructs 3D object representation
and estimates translation using bounding boxes and depth val-
ues. Then, the initial rotation is determined by angle sampling
and further refined through gradient updates using render and
compare. Gen6D [69] first detects object bounding boxes,
then compares the query and reference images via similarity
scores to obtain an initial pose. Next, the pose is refined via a
proposed refiner. FoundationPose [61] introduces an object-
centric neural field to enable accurate 3D object modeling
and RGB-D rendering, achieving performance comparable
to instance-level methods. GS-Pose [70] joints segmentation
and introduces a 3D gaussian splatting-based refiner, which
simultaneously enhances the accuracy of object localization
and pose estimation.

C. Unseen Object Relative Pose Estimation Methods

Relative object pose estimation [73]–[78] refers to comput-
ing the pose transformation of an object between two different
views. 3DAHV [73] proposes a 3D-aware hypothesis-and-
verification framework for relative pose estimation of unseen
objects from a reference image, achieving robust generaliza-
tion under large pose variations without relying on dense
multi-view supervision. Building on this idea, DVMNet [74]
introduces an end-to-end voxel-based framework that bypasses
discrete hypothesis generation by directly aligning voxelized
3D features from two RGB images, resulting in improved
accuracy and reduced computational cost. In contrast, NOPE
[75] presents a fast, training-free method that estimates relative
pose by predicting pose-conditioned viewpoint embeddings
using an attention-enhanced U-Net, without requiring 3D
models. While these methods demonstrate strong scalability,
the absence of depth information limits their ability to estimate
the full 3-DoF relative translation.

More recently, some works [76]–[78] have explored pose
estimation using a single RGB-D reference view to reduce on-
boarding cost for unseen objects. UNOPose [76] incorporates
depth data and proposes a one-reference-based pose estimation
framework that constructs an SE(3)-invariant reference repre-
sentation and adaptively weights correspondences to handle
low viewpoint overlap. One2Any [77] further introduces a
category-agnostic method for 6-DoF object pose estimation
that leverages a reference-query RGB-D pair to generate pose
embeddings and decode object coordinates. Any6D [78] esti-
mates both object pose and size from an RGB-D anchor image
by leveraging joint object alignment and a render-and-compare
strategy. Despite their effectiveness, these methods primarily
focus on relative pose estimation between the reference and
query views, which is insufficient for robotic manipulation
scenarios where absolute object poses in a common coordinate
system are required for action execution. In contrast, our work
targets single-reference 6-DoF absolute pose estimation under
robotic manipulation settings. To this end, we introduce a
semi-automated reference acquisition and annotation pipeline,
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a single reference view-based point cloud focalization strategy
to establish a common coordinate system, and SSMs-based
feature extraction networks tailored for the limited geometric
and spatial information available from a single view. This
problem-driven design enables direct deployment in manipula-
tion pipelines while maintaining scalability to unseen objects.

Discussions: Overall, CAD model-based methods depend on
textured CAD models, and manual reference view-based meth-
ods require dense reference views, both adding manual effort
in real-world applications. Related works such as Founda-
tionPose [61] also employ transformer-based architectures for
iterative pose refinement; however, our SSM-based backbone
is explicitly designed to model long-range spatial dependen-
cies under severely limited geometric information, which is
particularly critical in our single-reference setting. Addition-
ally, relative pose estimation methods are not well-suited for
robotic manipulation tasks that require absolute poses for
action execution. Hence, this paper seeks to enable unseen
object 6-DoF absolute pose estimation with a single reference
view, reducing manual overhead and enhancing scalability
for robotic applications. Most recently, 3D foundation models
such as SAM 3D [79] and VGGT [80] suggest a clear trend to-
ward large-scale, data-driven geometric perception. However,
these advances do not diminish the importance of reliable
pose estimation; instead, they increase the demand for scalable
modules that can provide accurate geometric initialization
for annotation bootstrapping and downstream reasoning. In
this broader context, our method can also be viewed as a
complementary component: a practical and scalable solution
for unseen object 6-DoF pose estimation that remains valuable
even as 3D foundation models continue to evolve.

III. METHODOLOGY

We begin with an overview of the overall task setup and
framework, including its input and output (Sec. III-A). We
then describe the initialization process, which involves unseen
object segmentation from the input RGB-D image (Sec. III-B).
Next, we present the proposed point focalization strategy (Sec.
III-C), Point and RGB SSMs (Sec. III-D), and point-wise
alignment for pose solving (Sec. III-E). Finally, we explain
the training procedure and supervision scheme (Sec. III-F).

A. Task Setup and Framework Overview

Overall, our work is problem-driven, aiming to enable
scalable 6-DoF absolute pose estimation of unseen objects for
robotic manipulation with minimal prior information. To this
end, we present a unified system that operates with only a
single reference view, where each component is explicitly de-
signed to address the challenges arising from single-reference,
manipulation-oriented absolute pose estimation. Specifically,
for unseen objects which are not encountered during training,
SinRef-6D takes a pair of RGB-D images captured from
robotic manipulation viewpoints as input: a single reference
image and a query image. The reference image is selected
only once and annotated with a 6-DoF pose through a semi-
automatic manner using our custom-developed pose annotator.
The output of SinRef-6D is the estimated 6-DoF absolute pose

Algorithm 1 Overall Pipeline of SinRef-6D
1: Input: Reference RGB-D image; Query RGB-D image
2: Output: Estimated 6-DoF object pose [Rfinal | tfinal]
3: Segment reference and query images to obtain object RGB

masks Ir, Iq and corresponding depth masks via SAM-
driven similarity matching

4: Back-project depth masks to get object reference and
query point clouds Pr, Pq

5: Transform Pr into the object coordinate system using
known reference pose (obtained via a semi-automated
annotator) [Rr | tr]: P o

r = R⊤
r (Pr − tr)

6: Initialize query pose:
[R1 | t1]← identity matrix, average coordinate(Pq)

7: for i = 1 to T do
8: Transform Pq into the object coordinate system:

P i
q = R⊤

i (Pq − ti)

9: Extract point-wise and RGB features:
10: Fr ← Point SSM(P o

r )⊕RGB SSM(Ir)

11: F i
q ← Point SSM(P i

q)⊕RGB SSM(Iq)

12: Perform point-wise feature alignment:
13: F̄r, F̄

i
q ← GeoTransformer(Fr, F

i
q)

14: Compute point-wise affinity: Ai = F̄ i
q ⊗ F̄⊤

r

15: Estimate 6-DoF object pose via weighted SVD:
16: [Ri+1, ti+1] = WSVD(Ai, P o

r , Pq)

17: end for
18: Return: [Rfinal, tfinal]← [RT+1, tT+1]

of the unseen object in the arbitrary query image. Algorithm
1 shows the overall pipeline of the proposed framework.

Figure 2 shows the overall workflow that comprises four
main components: (A) Initialization segments the unseen
object in the input reference and query views. (B) Points
Focalization focalizes the unseen object in the reference and
query views into the object coordinate system using their cor-
responding poses. (C) Point & RGB SSMs employ state space
models to extract point-wise reference and query features.
(D) Point-wise Alignment & Pose Solving derives point-wise
alignment relationships using the features extracted in (C) to
solve the object pose in the query view. In addition, iterating
the process from (B) to (D) allows for further obtaining more
accurate point-wise alignment and object pose.

B. Initialization

Notably, randomly sampling arbitrary rendering viewpoints
may introduce extreme perspectives (e.g., near top-down
views) that deviate significantly from real-world reference
acquisition, whereas manually selecting viewpoints for all
objects would be labor-intensive and may reduce robustness to
viewpoint variations. From a practical real-world application
perspective, during training, the synthetic reference view is
sampled from a viewpoint range that approximates the robotic
manipulation viewpoint while introducing natural perturba-
tions. Importantly, this reference view is not carefully selected.
To support this claim, we additionally generate reference
views using the same rendering protocol as GigaPose [60].
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Fig. 2. Our proposed SinRef-6D framework. Given a normal RGB-D reference view of an unseen object, we aim to predict its 6-DoF absolute pose from any
query view. SinRef-6D comprises four modules: (A) The reference view is labeled via a semi-automatic annotator, then the RGB-D images of the reference
and query views are segmented, and the segmented depth maps are back-projected into point clouds. (B) The corresponding point clouds of the reference and
query views are focalized from the camera coordinate system to the object coordinate system. (C) Leveraging the proposed Point and RGB SSMs (details are
shown in Fig. 3 and Fig. 4), features are extracted from the focalized point clouds and RGB images, forming point-wise reference and query features. (D)
These features are then used to establish point-wise alignment to solve the object pose. Finally, the computed pose is fed back into module (B) to iteratively
improve the accuracy of the point-wise alignment, yielding a more precise object pose.

Specifically, we randomly sample one viewpoint from the 50th
to the 120th in its rendering sequence, which is designed to ap-
proximate the robotic manipulation viewpoint. This simulates
manual reference view acquisition while introducing natural
pose perturbations. During the evaluation in real-world robotic
scenarios, we adopt a semi-automatic manner. The reference
view for each unseen object is captured by the robot from
an occlusion-free manipulation viewpoint and annotated using
our custom-developed annotator. The rotation is determined
using a calibration board, while the translation and size are
manually adjusted through keyboard control (some visualiza-
tions are shown in the first row of Fig. 8). For testing on
public benchmarks, we adopt both reference view acquisition
strategies to align with those used in training.

The pipeline of the initialization process is shown in part
(A) of Fig. 2. Since both the reference and query views
often contain cluttered backgrounds, we first segment the
background. For a fair comparison, we employ Mask R-CNN
[81] or zero-shot CNOS [82] with FastSAM to segment the
input images, and then back-project the segmented depth maps
into point clouds. This results in the segmented RGB images
and point clouds for both reference (Ir, Pr ∈ RNr×3) and
query (Iq, Pq ∈ RNq×3) views, where Nr and Nq denote the
number of points in the reference and query point clouds,
respectively. Notably, CNOS relies on object CAD models
for rendering template images, which contrasts with our CAD
model-free setup. Based on this, we also use only our single
reference view as the template image for similarity matching
in CNOS segmentation (see the first two rows of Tab. IV for
details) [82].

C. Points Focalization

Since SinRef-6D aims to iteratively align point clouds for
precise object pose solving, our first step is to focalize the
reference and query point clouds within a common coordinate
system. This focalization facilitates point-wise alignment, en-
sures geometric consistency during iterative refinement, and
inherently decouples pose estimation from category priors,
enhancing robustness to unseen objects. Specifically, as the
reference point cloud Pr has a pose annotation [Rr|tr], we
can transform it from the camera coordinate system Cc to the
object coordinate system Co as follows:

P o
r = R⊤

r (Pr − tr) , (1)

where tr and Rr denote the annotated translation and rotation,
respectively. ⊤ denotes matrix transpose, P o

r denotes the
reference point cloud in the object coordinate system.

For the query point cloud, we apply the same method to
transform it into the object coordinate system as follows:

P i
q = R⊤

i (Pq − ti) , (2)

where ti and Ri represent the translation and rotation of the
object in the i-th iteration. P i

q represents the query point cloud
in the object coordinate system after the i-th iteration. Since
the object pose in the query view is initially unknown, we
do not perform rotation transformation during the first points
focalization and instead set the translation t1 to the average
coordinate of the object. In subsequent iterations, we use
the object pose [Ri+1|ti+1] solved in the previous round for
coordinate transformation. The overall process is shown in part
(B) of Fig. 2.
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D. Point & RGB SSMs

Since point-wise alignment relies on rich spatial features,
sequential modeling of point clouds and RGB images en-
ables effective long-range spatial encoding, enhancing feature
discrimination and geometric consistency for more precise
alignment. To handle limited spatial cues and real-time de-
mands, we adopt a simple-yet-efficient design, incorporating
lightweight Point and multiscale RGB SSMs for efficient
long-range modeling from sparse single-view data with linear
complexity. The selective scan structured state space sequence
(S6) models [83] represent a class of sequence models that
excel in sequence handling. These models extend the earlier S4
model [84], mapping an input sequence x (t) ∈ R→ y (t) ∈ R
through a latent state h (t) ∈ RM according to the ordinary
linear differential equations:

h′ (t) = Ah (t) + Bx (t) ,
y (t) = Ch (t) + Dx (t) ,

(3)

where A ∈ RM×M ,B ∈ RM×1,C ∈ R1×M , and D ∈ R1 are
weighting parameters. Specifically, the continuous dynamical
systems are discretized using the following zero-order hold
discretization method in practical computations:

ht = Āht−1 + B̄xt, yt = Ch (t),
Ā = exp (∆A) , B̄ = (∆A)−1

(exp (∆A)− I) ·∆B,
(4)

where ∆ denotes the discrete step size. Given that both
the weighting parameters and discretization method remain
constant over time, S4 models can be considered linear time-
invariant systems. S6 model [83] further extends the projection
matrices of S4 models to enable a selective scan of the entire
input sequence. Specifically, we model the sequences of point
clouds and RGB images by designing a Point SSM (see Fig.
3) and an RGB SSM (see Fig. 4) as follows:

Fr = Point SSM (P o
r )⊕RGB SSM (Ir) ,

F i
q = Point SSM

(
P i
q

)
⊕RGB SSM (Iq) ,

(5)

where ⊕ represents matrix addition. Fr ∈ RNr×C and
F i
q ∈ RNq×C represent the point-wise reference features and

the point-wise query features at the i-th iteration, respectively.
C is the dimension of feature channels.

The sequence modeled by the SSMs refers to an ordered
collection of spatial tokens rather than physical time steps. For
the RGB branch, the input image is partitioned into patches
and flattened into sequences following two fixed raster-scan
orders (as shown in part (C) of Fig. 2), which are consistently
used during training and inference. This ordering enables
the SSM to capture long-range spatial dependencies across
image regions without encoding temporal information. For
the point cloud branch, due to the intrinsic unordered nature
of point sets, the input sequence is constructed by iterating
over all points, and the resulting order is neither fixed nor
semantically meaningful. For the Point SSM, as shown in
Fig. 3, we first perform a point-wise scan and use K-Nearest
Neighbor (KNN) to sample a set of points for each scanned
point to form a token. Then, we compute all token embeddings
and add a position embedding to them. Subsequently, the
token embeddings are concatenated and passed into the points
state space (PSS) blocks to obtain the point-wise feature

…
…

KNN

Point-wise Scan …
…

Token 
Embedding

Position
Embedding

PSS
Block

× 𝑳𝑳

Concat

LN

Linear

LinearDWConv

SiLU SiLU

Selective
SSM

Linear

PSS Block

𝑭𝑭𝑷𝑷
:𝟐𝟐
𝟐𝟐𝟒𝟒
𝟖𝟖

×
𝟐𝟐𝟐𝟐
𝟐𝟐

𝟐𝟐𝟐𝟐𝟐𝟐𝟖𝟖 × 𝟑𝟑

Fig. 3. Architecture of the proposed Point SSM. It takes object point clouds
as input and captures point-wise features with fine-grained spatial semantics.

FP ∈ 2048×256. The details of the selective SSM in PSS
blocks can be found in the S6 model [83]. For RGB image
feature extraction, we propose an RGB SSM based on the
cross-scan manner and multi-scale feature fusion, as depicted
in Fig. 4. The architecture consists of four stages, where each
stage employs visual state space (VSS) blocks [85] to extract
image features at different scales. These multi-scale features
are then fused, reshaped, and chosen by using the image mask
to obtain the final image feature representation F I ∈ 2048×256.

Specifically, FP and F I denote the generic point-wise and
image feature representations, which are instantiated as refer-
ence and query features. The complete process is illustrated in
part (C) of Fig. 2, where FP

r and FP i

q represent the extracted
point-wise reference and query features (at the i-th iteration),
while F I

r and F I
q denote the extracted features from the

reference and query RGB images.

E. Point-wise Alignment & Pose Solving

Upon acquiring the point-wise reference and query features,
our objective is to develop a model with the scalability to
handle unseen objects to establish point-wise alignment. This
model provides enhanced learnability compared to the direct
pose regression model for unseen objects. Specifically, we
input Fr and F i

q into the GeoTransformer [86], where they
undergo geometric-aware self-attention and cross-attention,
yielding the final point-wise reference and query features F̄r

and F̄ i
q . Then, we obtain the point-wise affinity matrix Ai as

follows and select the point pairs with the highest similarity
for alignment:

Ai = F̄ i
q ⊗ F̄⊤

r , (6)

where ⊗ represents matrix multiplication.
The point-wise alignment of the reference and query view

point clouds in the object coordinate system is visualized in
part (D) of Fig. 2. Once the point-wise alignment relationship
is established, we can directly solve the 6-DoF object pose
using the weighted singular value decomposition (WSVD)
algorithm as follows:

[Ri+1|ti+1] = WSVD
(
Ai, P o

r , Pq

)
, (7)

where rotation Ri+1 and translation ti+1 denote the 6-DoF
object pose solved from the i-th iteration.

Given the considerable pose discrepancies between the
initial query and reference point clouds (especially in terms of
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Fig. 4. Detailed architecture of the proposed RGB SSM. It takes segmented RGB mask images as input, where H and W denote the height and width of
the image, and outputs rich visual features for subsequent reasoning.

rotation), misaligned point pairs may occur during the align-
ment process, which will result in inaccurate pose estimation.
To mitigate this issue, we introduce an iterative alignment
strategy that iteratively performs steps (B) to (D) outlined in
Fig. 2. Specifically, the estimated object pose from (D) is fed
back into (B) to iterate the focalization of the query point
cloud. This iterative strategy facilitates gradual convergence
of the query and reference point clouds, ultimately yielding
more precise object pose estimation.

F. Training Mode

During practical deployment, we observe that the initial
query and reference point clouds have significant pose discrep-
ancies. Subsequently, their pose differences become smaller
after each iteration. Using a single GeoTransformer with
shared weights during the iterative process (D) in Fig. 2
could adversely affect the accuracy of object pose estimation.
Even multi-view transformers have shown that transformer
decoder layers can implicitly implement an iterative refinement
process for geometric estimation. For example, Stary et al. [87]
analyzed multi-view transformer architectures and demon-
strated that the internal feature state evolves across decoder
blocks, progressively refining correspondences and relative
camera pose estimates. In such settings, a single network
can effectively perform both coarse pose estimation and fine
refinement within one unified architecture. However, unseen
object pose estimation presents a different regime. Unlike
multi-view camera pose estimation, which benefits from strong
multi-view geometric constraints and global scene consistency,
our setting must handle novel object geometries and limited
observations from a single reference view. These factors

introduce substantial ambiguity during the initial alignment
stage, which we found difficult to reconcile with the objectives
of fine-grained pose refinement when using a single backbone.

Motivated by the above observation, we employ two Geo-
Transformer models with unshared weights to explicitly handle
different alignment regimes. The first model is responsible for
the initial point-wise alignment, where the pose discrepancy
between the reference and query views is typically large and
corresponds to a coarse alignment problem. After this stage,
the pose discrepancy is significantly reduced, and a second
GeoTransformer is used for subsequent iterative refinement
under a local alignment regime. This separation allows each
model to specialize in a distinct input distribution, improving
stability and accuracy during refinement. Detailed rationale for
this choice is given in Sec. V-F and Tab. VII.

We employ two GeoTransformer models with unshared
weights to explicitly handle different alignment regimes. The
first model is responsible for the initial point-wise align-
ment, where the pose discrepancy between the reference and
query views is typically large and corresponds to a coarse
alignment problem. After this stage, the pose discrepancy is
significantly reduced, and a second GeoTransformer is used
for subsequent iterative refinement under a local alignment
regime. This separation allows each model to specialize in
a distinct input distribution, improving stability and accuracy
during refinement.

Since the object pose is solved from the point-wise align-
ment relationships, we supervise this alignment using the
following cross-entropy loss during training:

Loss =
∑

i=1,...,K

(
CE(Ai, p̄q) + CE(Ai⊤ , p̄r)

)
, (8)
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where K denotes the number of point-wise alignment iter-
ations used during training. CE (·, ·) represents the cross-
entropy loss function. p̄q ∈ RNq and p̄r ∈ RNr represent
the ground truth for P i

q and P o
r . Each element pq in p̄q ,

corresponding to the point piq in P i
q , can be simply obtained

using the index of the closest point in P o
r to piq from the

given ground-truth rotation Rgt and translation tgt. Note that
if the nearest point distance exceeds a specified threshold (set
at 15 centimeters in this paper), we discard that point pair. In
addition, the elements in p̄r are obtained in the same manner.

IV. DEVELOPED ROBOTIC GRASPING SYSTEM

With the estimated pose, this section presents our developed
hardware-software robotic grasping system, which integrates
the proposed SinRef-6D into it in real-world settings.

A. Developed Hardware and Software System

The overall system consists of hardware and software com-
ponents, with their interconnections illustrated in Fig. 1. The
hardware includes an Intel RealSense L515 RGB-D camera, a
Yaskawa MOTOMAN-MH12 robotic arm, and a DH-PGI-140-
80 electric parallel gripper. The RGB-D camera and gripper
communicate with the software part via USB, while the robot
is connected through Gigabit Ethernet. The camera is mounted
in an eye-in-hand configuration on the robotic arm.

The software component of our integrated robotic system
consists of three main modules: a calibration module, an
unseen object pose estimation module, and a robotic grasping
module. These modules are integrated through a unified graph-
ical user interface. The calibration module performs both hand-
eye and tool calibration, using the HALCON-based method
and a five-point approach, respectively. The pose estimation
module supports pose annotation for the reference view as well
as pose inference for novel query views. We design a semi-
automatic CAD-free pose annotator for unseen objects, where
object rotation is solved via a calibration board (as shown in
the first two rows of Fig. 8), while translation and size are
manually aligned via keyboard control. Overall, our annotator
enables 6-DoF pose labeling of a single reference view in less
than one minute per unseen object. Lastly, the grasping module
includes a grasp strategy planner and a servo control interface
for executing 6-DoF grasps.

B. 6-DoF Robotic Grasping Workflow

1) Overall Workflow: The complete pipeline for 6-DoF
robotic grasping in 3D space can be formulated as:

To2t = Te2t ⊗ Tc2e ⊗ To2c, (9)

where ⊗ denotes matrix multiplication. To2t represents the
transformation from the object coordinate to the tool coordi-
nate systems, which is the target transformation required for
executing a robotic grasp. The term Te2t denotes the transfor-
mation from the robot end coordinate to the end-effector (tool)
coordinate systems, obtained via tool calibration. Tc2e is the
transformation from the camera coordinate to the robot end
coordinate systems, computed through hand-eye calibration.

Finally, To2c refers to the transformation from the object
coordinate to the camera coordinate systems, which is the most
critical component and is estimated by the proposed unseen
object pose estimation method.

2) Multi-object Grasping Strategy: With the estimated 6-
DoF object pose, we employ a lightweight grasping strategy to
enable continuous multi-object robotic grasping [88]. Specif-
ically, we adopt a depth-based sequential grasping strategy,
where objects are ordered by the depth (relative to the camera)
of their center points. For each object, the estimated 3-DoF
translation determines the target grasp point, i.e., the position
to which the end-effector center is moved, the grasping di-
rection is defined by a vector from its closest visible point
projected onto the z-axis to the center point of the object
coordinate system, while the gripper closes along the x-axis.
For safe execution, the grasp point is translated upward by 2
cm relative to the tabletop. When the angle between the esti-
mated object z-axis and the inward normal of the tabletop falls
outside the range of [20◦, 60◦], the grasp orientation is clamped
to 30◦ to ensure stable and collision-free grasping. This simple
grasping strategy proves effective for both symmetric and
asymmetric objects, despite existing axis ambiguities.

V. EXPERIMENTS

We first introduce the benchmarks and evaluation metrics
(Sec. V-A), followed by the implementation details (Sec. V-B).
We then compare SinRef-6D with both manual reference view-
based and CAD model-based methods on these real-world
benchmarks to validate its superior performance (Sec. V-C and
Sec. V-D). Next, we evaluate the effectiveness of our approach
in real-world robotic grasping scenarios by deploying it on
our integrated hardware-software robotic system to perform
grasping tasks (Sec. V-E). Finally, we present comprehensive
ablation studies to analyze the contributions of key compo-
nents, the influence of point cloud alignment iterations, and
the effect of random reference view selection (Sec. V-F).

A. Datasets and Evaluation Metrics

Datasets: We conduct extensive experiments on six bench-
mark datasets (LineMod [89], LM-O [90], TUD-L [91], IC-
BIN [92], HB [93], and YCB-V [94]) and real-world robotic
scenes. For a fair comparison, we follow the BOP Challenge
setting [91] to train on the synthetic dataset generated by
MegaPose [58] using the ShapeNet-Objects [95] and Google-
Scanned-Objects [96] datasets. This training dataset comprises
∼2 million images from ∼50K objects.
Evaluation Metrics: 1) Recall of the average point distance
(ADD) that is less than 10% of the object diameter (ADD-
0.1d) [97]. 2) Area under the curve (AUC) of ADD [94];
3) BOP metric: Average Recall (AR) of the visible sur-
face discrepancy (VSD), maximum symmetry-aware surface
distance (MSSD), and maximum symmetry-aware projection
distance (MSPD) metrics [91]. Specifically, we first perform
a quantitative comparison using the ADD-0.1d and AUC of
ADD metrics for each instance in the LineMod [89] and YCB-
V [94] datasets, respectively, aligning with manual reference
view-based methods [62]–[64], [67]–[69], [98]. Subsequently,
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TABLE I
COMPARISON OF SINREF-6D WITH OTHER MANUAL REFERENCE VIEW-BASED METHODS ON THE LINEMOD DATASET [89], EVALUATED USING THE

ADD-0.1D METRIC. “REF.” AND “RECON.” MEAN ”REFERENCE” AND ”RECONSTRUCTION”. † REPRESENTS GEN6D [69] WITHOUT FINE-TUNING. ∧
INDICATES THAT THE REFERENCE VIEW IS MANUALLY SELECTED FROM THE CORRESPONDING DATASET TO APPROXIMATE THE ROBOTIC MANIPULATION

VIEWPOINT DURING BOTH TRAINING AND TESTING.

Method Input Ref.
view

Recon.
-free

Object Mean
(%)↑ape benchwise cam can cat driller duck eggbox glue holepuncher iron lamp phone

Gen6D [69] RGB 200 ✓ - 77.0 66.1 - 60.7 67.4 40.5 95.7 87.2 - - - - -

Gen6D† [69] RGB 200 ✓ - 62.1 45.6 - 40.9 48.8 16.2 - - - - - - -

OnePose [63] RGB 200 × 11.8 92.6 88.1 77.2 47.9 74.5 34.2 71.3 37.5 54.9 89.2 87.6 60.6 63.6

OnePose++ [64] RGB 200 × 31.2 97.3 88.0 89.8 70.4 92.5 42.3 99.7 48.0 69.7 97.4 97.8 76.0 76.9

LatentFusion [68] RGB-D 16 × 88.0 92.4 74.4 88.8 94.5 91.7 68.1 96.3 94.9 82.1 74.6 94.7 91.5 87.1

FS6D [62] RGB-D 16 ✓ 74.0 86.0 88.5 86.0 98.5 81.0 68.5 100.0 99.5 97.0 92.5 85.0 99.0 88.9

Oryon [47] RGB-D 1 ✓ 1.2 1.3 3.9 0.8 12.7 8.5 0.8 63.2 18.4 1.6 0.6 2.9 11.7 9.8

SinRef-6D (Ours) RGB-D 1 ✓ 85.7 99.3 73.2 98.3 93.0 98.7 66.6 98.5 99.1 74.6 90.9 97.6 97.4 90.3

SinRef-6D∧ (Ours) RGB-D 1 ✓ 86.3 99.1 74.7 98.5 94.5 98.7 68.1 98.7 99.5 75.5 92.5 97.0 97.8 90.8

TABLE II
COMPARISON OF SINREF-6D WITH OTHER MANUAL REFERENCE

VIEW-BASED METHODS ON THE COMPLETE YCB-V DATASET [94],
EVALUATED USING THE AUC OF ADD METRIC.

Method PREDATOR
[98]

LoFTR
[67]

FS6D-DPM
[62]

Ours

Reference view 16 16 16 1

002 master chef can 17.4 50.6 36.8 44.3

003 cracker box 8.3 25.5 24.5 34.4
004 sugar box 15.3 13.4 43.9 83.9
005 tomato soup can 44.4 52.9 54.2 53.7

006 mustard bottle 5.0 59.0 71.1 79.9
007 tuna fish can 34.2 55.7 53.9 53.8

008 pudding box 24.2 68.1 79.6 44.3

009 gelatin box 37.5 45.2 32.1 94.6
010 potted meat can 20.9 45.1 54.9 25.5

011 banana 9.9 1.6 69.1 65.0

019 pitcher base 18.1 22.3 40.4 88.2
021 bleach cleanser 48.1 16.7 44.1 72.9
024 bowl 17.4 1.4 0.9 31.7
025 mug 29.5 23.6 39.2 77.7
035 power drill 12.3 1.3 19.8 53.7
036 wood block 10.0 1.4 27.9 0.7

037 scissors 25.0 14.6 27.7 51.2
040 large marker 38.9 8.4 74.2 76.2
051 large clamp 34.4 11.2 34.7 21.4

052 extra large clamp 24.1 1.8 10.1 0.4

061 foam brick 35.5 31.4 45.8 56.3
MEAN 24.3 26.2 42.1 52.8

we evaluate our results against CAD model-based methods
[51], [53], [58], [60] on five BOP datasets [91], utilizing the
BOP metric for a comprehensive comparison.

B. Implementation Details

The initial resolution of the input RGB images is 640×480,
which are resized to 224× 224 after detection and segmenta-
tion. Both the reference and query point clouds contain 2048
points (Nr and Nq). The point-wise feature dimension C is
set to 256. We use the Adam optimizer for model training

TABLE III
COMPARISON WITH FS6D [62] AND FOUNDATIONPOSE [61] UNDER
SINGLE-REFERENCE SETTING ON LINEMOD AND YCB-V DATASETS,

EVALUATED ON ADD-0.1D AND AUC OF ADD METRICS, RESPECTIVELY.

Method Ref. view LineMod [89] YCB-V [94]
FS6D [62] 1 77.5 34.7
FoundationPose [61] 1 87.9 47.5
SinRef-6D (Ours) 1 90.3 52.8

with a batch size of 6, over a total of 2.4 million batches. The
learning rate is adjusted using the WarmupCosineLR sched-
uler, starting from 0 and rapidly increasing to 0.001 during
the first 1000 batches, then gradually decreasing until the end
of training. The training takes ∼1 week on our workstation.
All experiments are conducted on a single GeForce RTX 4090
GPU with an Intel Xeon Gold 6138 CPU.

C. Quantitative Comparisons with SOTA Methods

1) Comparison with Manual Reference View-based Meth-
ods: Table I presents a detailed performance comparison of
SinRef-6D with other manual reference view-based methods
[47], [62]–[64], [68], [69] on the LineMod dataset [89] using
the ADD-0.1d metric. For a fair comparison with Oryon [47],
we adopt the results reported in One2Any [77], which directly
evaluate Oryon using its pretrained model under the original
setting including language input.

We evaluate SinRef-6D using two reference view selection
strategies, as described in Sec. III-B. In the first setting, we
follow the same rendering protocol as GigaPose [60], where a
single reference view is randomly sampled from the 50th to the
120th viewpoint in its rendering sequence. Under this setting,
SinRef-6D achieves a mean accuracy of 90.3%, outperforming
OnePose [63], OnePose++ [64], and Oryon [47], and achieving
comparable accuracy to LatentFusion [68] and FS6D [62].
It is worth noting that all the comparison methods rely on
dense reference views. Specifically, Gen6D [69], OnePose
[63], and OnePose++ [64] require 200 reference views, while
LatentFusion [68] and FS6D [62], which utilize RGB-D inputs
like SinRef-6D, still need 16 reference views. Moreover,
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TABLE IV
COMPARISON OF SINREF-6D WITH CAD MODEL-BASED METHODS ON THE LM-O [90], TUD-L [91], IC-BIN [92], HB [93], AND YCB-V [94]

DATASETS. WE LEVERAGE THE BOP METRIC AND THE MEAN TIME ACROSS ALL DATASETS FOR EVALUATION. ∧ DENOTES THAT THE REFERENCE VIEW
IS MANUALLY SELECTED FROM THE CORRESPONDING DATASET TO APPROXIMATE THE ROBOTIC MANIPULATION VIEWPOINT DURING TRAINING AND

TESTING. ∗ DENOTES USING THE POSE REFINEMENT METHOD OF MEGAPOSE [58]. † MEANS THAT DIRECTLY TEST SAM-6D [53] USES A SINGLE
REFERENCE VIEW. ‡ MEANS THAT RETRAIN AND THEN TEST SAM-6D [53] USES A SINGLE REFERENCE VIEW, WITH OTHER SETTINGS UNCHANGED.

Method Input CAD model
-free

Detection / Segmentation
Dataset Mean

(%)↑
Time
(s)↓LM-O TUD-L IC-BIN HB YCB-V

SinRef-6D (Ours) RGB-D ✓
Single Ref.-based CNOS

48.4 62.5 31.6 50.7 56.9 50.0 0.7

SinRef-6D∧ (Ours) RGB-D ✓ 51.2 65.3 32.7 52.9 58.4 52.1 0.7

MegaPose [58] RGB ×

Mask R-CNN [81]

18.7 20.5 15.3 18.6 13.9 17.4 25.6

MegaPose* [58] RGB × 53.7 58.4 43.6 72.9 60.4 57.8 -

MegaPose* [58] RGB-D × 58.3 71.2 37.1 75.7 63.3 61.1 93.3

ZeroPose [51] RGB-D × 26.1 61.1 24.7 38.2 29.5 35.9 -

ZeroPose* [51] RGB-D × 56.2 87.2 41.8 68.2 58.4 62.4 -

SAM-6D† [53] RGB-D × 12.9 37.9 11.2 25.2 22.4 21.9 0.3

SAM-6D‡ [53] RGB-D × 53.7 38.4 26.3 53.2 60.1 46.3 0.3

SinRef-6D (Ours) RGB-D ✓ 61.8 88.9 44.0 63.3 65.1 64.6 0.4

SinRef-6D∧ (Ours) RGB-D ✓ 62.0 90.4 44.5 64.0 65.9 65.4 0.4

MegaPose [58] RGB ×

CNOS (FastSAM) [82]

22.9 25.8 15.2 25.1 28.1 23.4 16.6

MegaPose* [58] RGB × 49.9 65.3 36.7 65.4 60.1 55.5 33.9

ZeroPose* [51] RGB-D × 53.8 83.5 39.2 65.3 65.3 61.4 17.6

GigaPose [60] RGB × 29.6 30.0 22.3 34.1 27.8 28.8 0.4

GigaPose* [60] RGB × 59.8 63.1 47.3 72.2 66.1 61.7 8.5

SAM-6D† [53] RGB-D × 10.4 30.1 9.4 29.0 21.8 20.1 1.2

SAM-6D‡ [53] RGB-D × 53.9 32.2 25.0 55.4 59.1 45.1 1.1

SinRef-6D (Ours) RGB-D ✓ 56.5 77.4 35.9 61.0 62.2 58.6 1.5

SinRef-6D∧ (Ours) RGB-D ✓ 56.2 78.6 37.1 62.1 62.9 59.4 1.5

Gen6D [69] depends on a template matching process, while
OnePose [63], OnePose++ [64], and LatentFusion [68] require
reconstructing the 3D object representation prior to pose
estimation. These additional requirements will increase model
complexity and reduce overall efficiency. In the second setting,
we manually select an occlusion-free reference view from
the training/testing sets that closely approximates the robotic
manipulation viewpoint. This strategy leads to a slightly
higher accuracy of 90.8%, which we attribute to the improved
viewpoint alignment between the reference and query images.
The experimental results of these two reference view selection
settings collectively demonstrate that SinRef-6D does not rely
on a carefully selected reference view and remains robust to
variations in the selection of the reference view.

Additionally, we evaluate SinRef-6D on the complete YCB-
V [94] dataset using the AUC of ADD metric, with per-object
accuracy results summarized in Tab. II. These quantitative
results further validate the advantages of SinRef-6D. Also, we
note that objects with flat or geometrically complex structures,
such as the extra large clamp, tend to yield lower accuracy, as
they are difficult to perceive accurately from a single reference
view. Furthermore, we set the number of reference views to 1
for both FS6D [62] and FoundationPose [61] and experiment
with the LineMod and YCB-V datasets, using their pre-trained
models and keeping other settings unchanged. In particular,

for FoundationPose, we adopt its ablation setting by recon-
structing the unseen object 3D model from a single reference,
while keeping the downstream hypothesis generation and pose
selection components fixed. Notably, FoundationPose utilizes a
higher-quality synthetic dataset generated with diffusion model
and requires time-consuming 3D reconstruction (making it
∼10 times slower than SinRef-6D). The results, as shown in
Tab. III, further reinforce the advantages of SinRef-6D in the
single-reference setting.

Overall, the above experimental results demonstrate the
effectiveness of the proposed SinRef-6D task setup and frame-
work, achieving competitive 6-DoF pose estimation accuracy
for unseen objects using only a single reference view, without
relying on the reconstruction of a 3D object representation.

2) Comparison with CAD Model-based Methods: Table IV
presents performance comparisons of SinRef-6D with CAD
model-based methods [51], [53], [58], [60] on five pop-
ular datasets using the BOP metric (AR metric of VSD,
MSSD, and MSPD). We also conduct experiments under
two reference view selection strategies, as outlined in Sec.
III-B. The first strategy adopts the same rendering manner
as GigaPose [60], and the second strategy involves manually
choosing an occlusion-free view from the training/testing set
that closely aligns with the robotic manipulation view. In
addition, we further evaluate SinRef-6D under three different
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TABLE V
COMPARISON WITH OTHER SINGLE-REFERENCE METHODS.

Method
LM LM-O TUD-L

ADD-0.1d AR

One2Any [77] 52.6 - -

Any6D [78] - 28.6 -

UNOPose [76] - 56.0 67.1

Ours 90.3 56.5 77.4

detection/segmentation methods to assess its robustness across
perception inputs. Specifically, we first show the experimental
results using only our single reference view as the template
image for CNOS segmentation [82] in the first two rows.

When Mask R-CNN [81] is used to segment the input
images, SinRef-6D achieves 64.6% AR across five evaluation
datasets, outperforming MegaPose [58] and ZeroPose [51].
Remarkably, this accuracy even exceeds the performance of
these two methods after they leverage the refinement method
introduced by MegaPose [58]. Moreover, we evaluate SAM-
6D [53] also with a single reference view under two training
settings while keeping other settings (e.g., coarse-to-fine re-
fine) unchanged. Next, when we employ zero-shot CNOS [82]
for segmentation, SinRef-6D also achieves a competitive AR
of 58.6% across the five datasets. We also note an increase
in inference time. This is primarily because CNOS often
segments multiple instances for the same object, resulting in
repeated pose estimations. Note that the comparison meth-
ods all rely on textured CAD models, requiring specialized
equipment for acquisition. Additionally, the refinement process
of MegaPose [58] is slow and also relies on object CAD
models (that is why we do not use it for refinement). In
contrast, SinRef-6D is CAD model- and refinement-free, of-
fering enhanced scalability and efficiency. In general, SinRef-
6D demonstrates performance on par with CAD model-based
methods, while operating in a CAD model-free setup, show-
casing its effectiveness and scalability.

Similarly, across all three detection/segmentation methods,
we observe that manually selected reference views consistently
yield slightly higher accuracy than randomly rendered ones.
We argue that this is due to their closer alignment with
the robotic manipulation viewpoint and reduced ambiguity.
Overall, these results not only highlight the robustness of
SinRef-6D to different detection/segmentation pipelines, but
also further confirm its resilience to variations in reference
view selection.

3) Comparison with Single-Reference Methods: Table V
shows explicit quantitative comparisons with the three most
closely related single-reference methods discussed in Sec. II-C
(One2Any [77], Any6D [78], and UNOPose [76]). To ensure
a fair comparison, all methods use the same segmentation and
evaluation protocols: ground-truth segmentation on the LM
dataset, and CNOS segmentation [82] on the LM-O and TUD-
L datasets; ADD-0.1d is used for LM, while AR is used for
LM-O and TUD-L, consistent with prior work. The results
of One2Any and Any6D are taken directly from their original

Gen6D

Ours

GT

Fig. 5. The qualitative comparison results on the LineMod dataset [89] are
presented, visualizing the outputs of Gen6D [69], our SinRef-6D, and ground
truth from top to bottom.

papers, while UNOPose is evaluated using its pretrained model
under CNOS segmentation (same as SinRef-6D). These results
show that SinRef-6D achieves more accurate pose estimation
performance.

D. Qualitative Analysis

1) Comparison with Manual Reference View-based Meth-
ods: The comparison between SinRef-6D and Gen6D [69]
on the LineMod dataset [89] is presented in Fig. 5. These
experimental results highlight the superior performance of our
method, which can perform unseen object pose estimation in
cluttered scenes. Specifically, Gen6D [69] relies on dense ref-
erence views and template matching to estimate object poses,
which requires full coverage of the reference view angles.
When the number of reference views is limited or of low
quality, pose estimation errors will significantly increase. In
contrast, SinRef-6D abandons template matching and instead
leverages iterative alignment between the reference and query
views, enabling effective pose estimation of unseen objects
using only a single reference view.

2) Comparison with CAD Model-based Methods: Figure 6
compares SinRef-6D with MegaPose [58] and ZeroPose [51]
across five evaluation datasets, all of which use RGB-D input
and CNOS [82] for segmentation. These datasets cover a
diverse range of scenes and unseen objects. The experimental
results further demonstrate that our method outperforms the
comparison methods in terms of robustness, effectively esti-
mating the 6-DoF pose of unseen objects even in challenging
scenes with occlusions and clutter. Notably, both MegaPose
[58] and ZeroPose [51] require textured CAD models of
these unseen objects, with MegaPose [58] also depending on
the time-consuming render-and-compare process. In contrast,
SinRef-6D is a simple-yet-effective CAD-free method, offer-
ing greater scalability.

3) Failure Cases Analysis: Since SinRef-6D only uses a
single reference view captured from an oblique angle, pose
estimation accuracy may decrease when the query view does
not adequately capture the object’s geometric features, such as
in top-down views. Furthermore, for objects with incomplete
depth information, like reflective metals or transparent ma-
terials, establishing accurate point-wise alignments becomes



IEEE TRANSACTIONS ON ROBOTICS, 2026 12

Ours
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YCB-VTUD-LLM-O IC-BIN HB

MegaPose

ZeroPose

We cannot obtain the 
ground-truth object poses 

for the HB dataset

Fig. 6. The qualitative comparison results on the LM-O [90], TUD-L [91], IC-BIN [92], and YCB-V [94] datasets. We visualize the results of MegaPose
[58], ZeroPose [51], our SinRef-6D, and ground truth from top to bottom. Note that we cannot obtain the ground-truth poses for the HB dataset [93], as its
evaluation is conducted on the official BOP Challenge [91]. Additional qualitative results are presented at our project homepage.

Ref.

Query

Ref.

Query

Fig. 7. Failure cases on public datasets (top two rows) and real world (bottom
two rows). The top two rows show single reference views (randomly selected
RGB-D images as described in Sec. III-B) and the estimated object pose in
query views. As observed, the accuracy of SinRef-6D decreases when the
query view is a top-down view or the object is a reflective metal. The bottom
two rows illustrate the labeled reference views and representative failure cases
arising from particularly challenging scenarios, such as severe occlusion/self-
occlusion and large viewpoint gaps between the reference and query views.

challenging, leading to a decrease in pose estimation accuracy.
The visualization of some failure cases is shown in Fig. 7.
As a result, we do not evaluate the T-LESS [99] (includes
many top-down views) and ITODD [100] (features top-down
views and metallic objects) datasets. Moreover, we provide

an explicit analysis of real-world failure cases and observe a
performance degradation under non-planar object placements,
large reference-query viewpoint discrepancies, and severe oc-
clusions, as illustrated in the last two rows of Fig. 7. Our future
work will focus on enhancing the robustness of SinRef-6D in
such challenging scenes and objects.

E. Real-world Robotic Grasping

1) Qualitative validation on real-world robotic grasping
scenarios: To evaluate the effectiveness of SinRef-6D in esti-
mating the 6-DoF poses of unseen objects in real-world robotic
grasping scenarios, we mount an Intel RealSense L515 RGB-
D camera on a robotic arm and conduct experiments across
four representative scenes: normal, clutter, occlusion, and low
light. Qualitative results are shown in Fig. 8. Specifically, the
robot first captures a reference image of an unseen object
from its manipulation viewpoint, which is then annotated using
our custom-developed semi-automatic annotator within one
minute (top two rows). This reference is used as prior knowl-
edge for zero-shot unseen object 6-DoF pose estimation from
other viewpoints. We place multiple unseen objects in some
challenging scenes and evaluate the robustness of SinRef-6D
under realistic grasping conditions (middle two rows). Since
the robustness to non-planar object placements is critical for
real-world robotic deployments, we substantially introduce
some objects placed in inverted or non-planar configurations
(bottom two rows). In general, these experiments validate the

https://paperreview99.github.io/SinRef-6DoF-Robotic
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Fig. 8. Qualitative results on real-world robotic grasping scenarios. Top two rows: Single reference view capture and annotation from the robotic manipulation
viewpoint for several unseen objects. Middle two rows: Unseen object 6-DoF pose estimation in planar aligned query views. Bottom two rows: Unseen object
6-DoF pose estimation in non-planar aligned query views. These include some challenging scenes commonly encountered in robotic grasping, including clutter,
occlusion, low light, and dark conditions.

effectiveness of SinRef-6D and demonstrate its potential for
downstream robotic grasping tasks.

2) Real-world robotic grasping: To evaluate the applica-
bility of SinRef-6D to unseen object 6-DoF robotic grasping
and to validate the effectiveness of the developed hardware-
software robotic system (described in Sec. IV), we integrate
SinRef-6D on the system to perform real-world grasping
experiments. Due to the mechanical limitations of the gripper,
we select some graspable objects placed in randomly cluttered
scenes for testing. Some representative qualitative results are
shown in Fig. 9. Specifically, we first estimate the 6-DoF poses
of these unseen objects (top-left) under both normal and low
light scenarios, and then execute sequential robotic grasping

based on the estimated poses. To further assess robustness
under more challenging conditions, we additionally include
grasping demonstrations involving geometrically irregular un-
seen objects placed in non-planar configurations and under
large reference-query viewpoint discrepancies, as shown in
the bottom two rows of Fig. 9. In these experiments, object
poses are randomly placed, while scene clutter is generated
by randomly moving non-target, non-rigid items such as
blankets and cables. Quantitatively, we conduct a total of
200 real-world grasping trials, evenly divided between planar
placements and challenging non-planar object configurations
(100 trials each). Each scene contains two or three randomly
placed unseen objects, achieving overall success rates of 85%
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Robot View Robot View Robot View

Robot View Robot View Robot View

Robot View Robot View Robot View
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Fig. 9. Real-world robotic grasping visualizations. The top two rows and the bottom two rows represent planar aligned and non-planar aligned object grasping,
respectively. These scenes contain clutter and low light. The top-left corner in each image shows the estimated 6-DoF poses of the unseen objects from the
robotic manipulation viewpoint. The complete grasping video can be seen through our project homepage.

and 74%, respectively, where a trial is considered successful
only if all objects in the scene are successfully grasped. In
summary, these real-world experiments not only demonstrate
the effectiveness of the proposed task formulation and method
for unseen object 6-DoF robotic grasping, but also validate the
robustness and practicality of our integrated robotic system.

F. Ablation Study

We investigate the effectiveness of several main components
within SinRef-6D, as well as the impact of the number of
iterations for point-wise alignment during both training and
inference. Additionally, we further conduct multiple experi-
ments with randomly selected reference views to demonstrate
the robustness of our method to such variations.

1) Effectiveness of Main Components: We conduct a thor-
ough ablation study on the main components in SinRef-6D

to verify their effectiveness. Specifically, we first remove the
RGB image component from SinRef-6D, meaning that RGB
images are not used during either training or inference. The
experimental results (row A of Tab. VI) show that RGB
images play a crucial role in enhancing the accuracy of
point-wise alignment. Next, we eliminate the point cloud
focalization process, directly feeding the reference and query
point clouds Pr and Pq from part (B) of Fig. 2 into the
model. Therefore, the iterative training of the GeoTransformer
is also removed. The experimental results (row B of Tab. VI)
reveal a substantial drop in performance, underscoring the
significance of the focalization step. We attribute this decline
to the larger numerical discrepancies that may arise between
the reference and query point clouds without the focalization
process. In addition, we only train a single GeoTransformer for
point cloud iterative alignment (row C of Tab. VI). Although

https://paperreview99.github.io/SinRef-6DoF-Robotic
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TABLE VI
ABLATION OF SINREF-6D COMPONENTS ON THE YCB-V DATASET [94].

PARAM. MEANS TOTAL MODEL PARAMETERS.

Row Method AR ↑ Param. (M) ↓
A w/o RGB 39.5 138.8

B w/o Points Focalization 0.0 643.6

C only one GeoTransformer 36.5 643.6

D RGB SSM → DINOv2 [101] 56.9 1238.8

E RGB SSM → ViT [102] 52.8 976.7

F Point SSM → PT [103] 60.9 708.6

G Full Model 62.2 691.8

the parameter count is slightly reduced, the performance
degrades significantly. This is because a single alignment
model struggles to simultaneously specialize in handling large
initial pose discrepancies and accurately refining small residual
errors. Further, we replace the proposed RGB SSM with
DINOv2 [101] (a large vision foundation model) and Vision
Transformer [102], and also replace Point SSM with Point
Transformer [103]. The corresponding results (rows D, E, and
F of Tab. VI) confirm the effectiveness of SSMs in improving
the accuracy of point-wise alignment while reducing the model
parameter count.

2) Impact of the Number of Iterations for Point-wise Align-
ment: To achieve precise object pose estimation, it is essential
to perform point-wise iterative alignment of the reference and
query point clouds. Identifying an optimal balance between ac-
curacy and computational efficiency requires careful selection
of iteration counts during training and inference. The training
iterations refer to the number of times the GeoTransformer
weights are updated during training (i.e., K in Eq. (8)), while
the inference iterations indicate the number of GeoTransformer
iterations during inference. If the inference iterations exceed
the training iterations, the difference represents how many
times the last GeoTransformer weights from training are
repeatedly applied. The results, summarized in Tab. VII, reveal
a trade-off among accuracy, speed, and model complexity. As
shown in the first row, using a single GeoTransformer for all
alignment iterations leads to degraded performance in later
refinement stages. We attribute this to a distribution mismatch
between the training data, which is dominated by large pose
discrepancies, and the inputs encountered during refinement,
where the alignment error is much smaller. This observation
motivates the use of a separate refinement model specialized
for local alignment. Alternative designs, such as conditioning
a single alignment model on the iteration index or estimated
pose discrepancy, or adopting mixture-of-experts or curricu-
lum learning strategies to handle different alignment regimes,
could potentially address this dynamic range challenge and be
explored in future work. Based on these ablations, we select 2
training and 3 inference iterations as the optimal configuration
to achieve the best balance.

3) Impact of Random Reference View Selection: We in-
vestigate the effect of our random reference view selection
method (see Sec. III-B for details) on the performance of
the object 6-DoF pose estimation. Unlike the reference view

TABLE VII
ABLATION ON THE NUMBER OF ITERATIONS FOR POINT-WISE ALIGNMENT.

NOTE THAT THE TIME IS ONLY ON THE YCB-V DATASET [94].

Training iterations
Inference iterations, AR (%) ↑

1 2 3 4

1 37.8 35.0 36.5 35.9

2 - 61.7 62.2 62.5

3 - - 62.2 62.6

Time (s) ↓ 0.70 0.99 1.26 1.51

TABLE VIII
ABLATION OF RANDOM REFERENCE VIEW SELECTION, WE REPORT THE

MEAN AND VARIANCE OF 20 TIMES EXPERIMENTS ON THE BOP METRIC.

Dataset Times Mean Variance

YCB-V [94] 20 62.10 0.31

LM-O [90] 20 56.58 0.43

variations evaluated in Tabs. I and IV, which compare dif-
ferent reference acquisition strategies, the objective here is to
assess the robustness of the proposed model under stochastic
reference view selection. Specifically, we conduct 20 tests
on both the YCB-V and LM-O datasets, where in each
test the reference view is randomly sampled and rendered
from the viewpoints 50th to 120th defined in GigaPose [60],
following the same reference view sampling protocol used
during training. Experimental results in Tab. VIII show that
the variance of multiple experiments is small, which means
that SinRef-6D is robust to random sampled reference views.

VI. CONCLUSION

We proposed SinRef-6D, a simple-yet-effective task setup
and framework to tackle the challenges of unseen object 6-DoF
pose estimation in existing methods that rely on textured CAD
models or dense reference views. SinRef-6D solely requires
a single reference view and iteratively establishes point-wise
alignment between the reference and query views in the object
coordinate system using our proposed SSMs, eliminating the
reliance on a CAD model and substantially enhancing the
scalability for real-world applications. In addition, we devel-
oped a complete hardware-software robotic grasping system
tailored to the proposed task setup and framework. This system
integrates hand-eye and tool calibration, a semi-automatic
single reference annotator, a pre-trained SinRef-6D model,
and grasping strategy and control. Extensive experiments on
six benchmarks and real-world robotic grasping scenarios
demonstrate the superior scalability of SinRef-6D and the
effectiveness of our developed robotic system.
Limitation and Future Work: While the proposed framework
demonstrates robust real-world pick-and-place performance,
the current grasping policy is deliberately simple and does not
fully exploit the estimated 6-DoF object pose. Our future work
will investigate tighter coupling between pose estimation and
downstream manipulation, including pose-conditioned grasp
planning and more dexterous manipulation tasks.
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[99] T. Hodan, P. Haluza, Š. Obdržálek, J. Matas, M. Lourakis, and
X. Zabulis, “T-less: An rgb-d dataset for 6d pose estimation of texture-
less objects,” in Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision, 2017, pp. 880–888.

[100] B. Drost, M. Ulrich, P. Bergmann, P. Hartinger, and C. Steger, “Intro-
ducing mvtec itodd-a dataset for 3d object recognition in industry,” in
Proceedings of the IEEE/CVF International Conference on Computer
Vision Workshops, pp. 2200–2208.

[101] M. Oquab, T. Darcet, T. Moutakanni, H. Vo, M. Szafraniec, V. Khali-
dov, P. Fernandez, D. Haziza, F. Massa, A. El-Nouby et al., “Dinov2:
Learning robust visual features without supervision,” Transactions on
Machine Learning Research, 2024.

[102] A. Dosovitskiy et al., “An image is worth 16x16 words: Transformers
for image recognition at scale,” in International Conference on Learn-
ing Representations, 2021.

[103] H. Zhao, L. Jiang, J. Jia, P. H. Torr, and V. Koltun, “Point transformer,”
in Proceedings of the IEEE/CVF International Conference on Com-
puter Vision, 2021, pp. 16 259–16 268.


	Introduction
	Related Work
	CAD Model-based Methods
	Manual Reference View-based Methods
	Unseen Object Relative Pose Estimation Methods

	Methodology
	Task Setup and Framework Overview
	Initialization
	Points Focalization
	Point & RGB SSMs
	Point-wise Alignment & Pose Solving
	Training Mode

	Developed Robotic Grasping System
	Developed Hardware and Software System
	6-DoF Robotic Grasping Workflow
	Overall Workflow
	Multi-object Grasping Strategy


	Experiments
	Datasets and Evaluation Metrics
	Implementation Details
	Quantitative Comparisons with SOTA Methods
	Comparison with Manual Reference View-based Methods
	Comparison with CAD Model-based Methods
	Comparison with Single-Reference Methods

	Qualitative Analysis
	Comparison with Manual Reference View-based Methods
	Comparison with CAD Model-based Methods
	Failure Cases Analysis

	Real-world Robotic Grasping
	Qualitative validation on real-world robotic grasping scenarios
	Real-world robotic grasping

	Ablation Study
	Effectiveness of Main Components
	Impact of the Number of Iterations for Point-wise Alignment
	Impact of Random Reference View Selection


	Conclusion
	References

