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PartPose: Attentive 6D Pose Estimation by Focusing on
Graspable Parts of Multi-Part Deformable Objects

Ryo Okumura! and Tadahiro Taniguchi

Abstract—This study tackles robotic picking of
multi-part deformable objects—common in warehouses
yet underexplored in the literature—such as cable-
attached appliances and pouch drinks, which com-
prise both rigid and deformable components. Their
deformability poses a challenge to model-based 6D pose
estimators, such as FoundationPose, that assume rigid
bodies. To address this, we present PartPose, which
estimates the 6D pose of the multi-part deformable
objects by focusing on the rigid components. PartPose
uses Bayesian optimization to select an appropriate
region of interest (ROI) and then estimates its pose
with a render-and-compare pipeline. We evaluate pose-
estimation and picking success rates on nine multi-
part deformable objects, counting a pose estimate as
successful if the translational error is <30 mm and the
rotational error is <0.3 radians. PartPose significantly
outperforms a FoundationPose baseline, achieving suc-
cess rates of 98.2% (translational), 96.4% (rotational),
and 87.2% (picking), versus 47.9%, 35.9%, and 22.8%,
respectively. Moreover, PartPose generalizes category-
level semantic knowledge to new instances within the
same category without performance degradation when
those instances have semantically similar components.
This capability is crucial for large logistics centers that
handle diverse and novel objects.

I. INTRODUCTION

N 6D pose estimation, objects can be categorized

along two axes: single-part versus multi-part, and rigid
versus deformable (Table I). Our focus is on multi-part
deformable objects, which consist of heterogeneous compo-
nents, including both rigid and deformable parts. Common
examples include items with cables, flexible items with
rigid labels, and pouch drinks—all prevalent in logis-
tics warehouses. Despite their widespread presence, these
objects have been largely overlooked in robotic picking
research.

Conventional 6D pose estimation methods primarily
focus on rigid objects and often do not account for the
deformability of objects. For example, model-based 6D
pose estimation infers the poses of single-part rigid objects
by comparing real-world images [1], point clouds [2], or
both [3], [4] to 3D models. Model-free 6D pose estimation
does not require 3D models; instead, it estimates an
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TABLE I
OBJECT CLASSIFICATION IN THE FIELD OF 6D POSE ESTIMATION
Rigid Deformable

Rigid objects
113
Articulated
objects [13]-[16]

Deformable objects
[9-[12]
Multi-part deformable
objects (Ours)

Single-part

Multi-part

object’s relative pose in an input image with respect to
reference image(s) [5]-[7]. Some studies first generate 3D
models from reference images and then estimate pose using
model-based approaches [1], [8].

Multi-part rigid objects, also known as articulated ob-
jects, consist of rigid components connected by joints.
Existing methods [13]-[16] estimate the pose of each
component and infer joint states subject to kinematic
constraints. These methods assume that each component
is rigid when estimating pose.

All of the above methods assume that objects are rigid
and often fail when an object’s shape or appearance devi-
ates significantly from the reference 3D models or images.
For example, FoundationPose [1], a state-of-the-art model-
based 6D pose estimator, can yield significant errors when
there is a notable discrepancy between actual objects and
their 3D models (Fig. 1(a)).

Zero-shot pose estimation of single-part deformable ob-
jects such as cloth and rope remains an open problem.
Existing frameworks require object-specific training, such
as learning a manipulation policy for each object via re-
inforcement learning [9], [10], or performing interpolation-
based planning in a learned latent space [11], [12]. This
poses challenges for manipulating unknown objects in
logistics warehouses that handle thousands of products.

To address these challenges, we propose PartPose, a
method for estimating 6D poses for unknown multi-
part deformable objects by focusing on a specific non-
deformable part. Fig. 1(b) highlights the differences be-
tween PartPose and FoundationPose. PartPose targets a
region of interest (ROI) within the object, rather than
the entire object, as FoundationPose does. For instance,
PartPose identifies the non-deformable housing of a power
strip as the ROI and matches real and rendered images
around this area. This allows for accurate 6D pose es-
timation and grasping while ignoring the cable portion.
In contrast, FoundationPose compares the entire object,
leading to significant errors due to mistakenly matching
the cable. Similarly, for pouch drinks, PartPose accurately
estimates the pose of the non-deformable cap by treating
it as the ROI, whereas FoundationPose incurs large errors
by comparing the entire object.
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Fig. 1. 6D pose estimation and robotic picking of multi-part de-
formable objects: (a) Differences in shape between real-world objects
and their 3D models can lead to significant errors in pose estimation.
(b) Pose estimation through partial comparison (ours) versus whole-
body comparison (baseline). In the leftmost column, the ROI mask is
represented in red. In the fourth column, rendered images are overlaid
on real-world images and displayed in green.

To achieve this, PartPose identifies appropriate ROIs
in both real images and 3D models. First, to locate the
ROI in the real image, we transfer a predefined keypoint
in a reference image to the input image via semantic
correspondence. Next, to determine the ROI in the 3D
model, we use Bayesian optimization to learn the ROI’s
center coordinates and spatial extent within the model.
Finally, using the obtained ROI information, we crop both
the real image and rendered views of the 3D model and
estimate the pose using a render-and-compare pipeline.
This enables PartPose to leverage existing model-based
estimators that assume rigidity while estimating the 6D
pose of multi-part deformable objects.

This paper contributes to the field of robotic picking
by addressing the challenge of estimating 6D poses for
multi-part deformable objects. We propose PartPose, a
method that estimates the 6D pose of objects by focusing
on specific non-deformable parts suitable for grasping.
Furthermore, we demonstrate that PartPose generalizes
category-level semantic knowledge to new instances within
the same category without performance degradation.

II. FOUNDATIONPOSE

This section provides an overview of FoundationPose,
a key technology integral to our approach. Foundation-
Pose is a state-of-the-art model-based 6D pose estima-
tion technique that utilizes a foundation model trained
on synthetic data generated by the NVIDIA Isaac Sim

robot simulator [17]. In our work, we employ the pre-
trained FoundationPose model, which estimates object
poses through three primary steps:

1) Initialization of Pose Hypotheses: FoundationPose
begins by detecting and segmenting target objects within
input images using either Mask-RNN [18] or CNOS [19],
resulting in a 2D bounding box that encloses the seg-
mented area. A preliminary estimate of the object’s trans-
lational position is derived from RGBD images, using the
3D point corresponding to the median depth within the
bounding box. To generate diverse initial camera view-
points, vertices of an icosphere centered at this 3D point
are used, with all viewpoints initially oriented towards
the 3D point. These viewpoints are rotated around their
optical axes, yielding 252 distinct viewpoints, which serve
as initial pose hypotheses.

2) Pose Hypotheses Refinement: Real-world RGB im-
ages are cropped using a bounding box centered on the
translational position of each pose hypothesis, slightly
enlarged to encompass the target object. The bounding
box size is based on the 3D model of the target object,
enclosing a sphere marginally larger than the diagonal
of the 3D bounding box tightly enclosing the model.
Pose hypotheses are refined by comparing the rendered
3D model with cropped real-world RGB images. The
3D model is rendered according to each pose hypothesis
and cropped similarly to real-world images. Both cropped
images are fed into a pose refinement network to predict
the difference between the current pose hypothesis and
the true pose, adjusting the hypotheses accordingly. This
refinement process is iteratively repeated for precise pose
estimation.

3) Pose Selection: Finally, refined pose hypotheses are
used to render the 3D model, and real-world RGB images
are cropped as before. These image pairs are fed into a
pose ranking network, which selects the pose hypothesis
with the highest score as the final estimated pose of the
target object.

III. METHOD

This section outlines the pose estimation process of
PartPose, which employs an iterative render-and-compare
strategy similar to FoundationPose but optimizes the ROI
to focus on specific object parts. Fig. 2(a) presents an
overview of the PartPose process. The process begins with
transferring a single reference keypoint from a reference
image to a test image using semantic correspondence
(Section III-A). This keypoint serves as a prompt for
segmenting the focused part using the Segment Anything
Model (SAM) [20] (Section III-B). An initial rough esti-
mate of the translational position p = (X,Y,Z) of this
focused part is then derived from the segmented region
(Section III-C). The real-world RGB image is cropped
around this estimated position. The 3D model M of the
target object is rendered from multiple viewpoints cen-
tered on this position, with ROI parameters determined
through Bayesian optimization (Section III-D). Finally,
both the real-world and rendered images are processed by
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(a) Procedure for 6D pose estimation in PartPose. First, a single keypoint is transferred to a test image from a reference image

(Section III-A). Second, the transferred keypoint is utilized to generate a partial mask of ROI for a target object (Section III-B). Mask
weights (w1, w2) can be used to control the mask areas. Third, an initial translational position p = (X,Y, Z) is estimated using the partial
mask (Section III-C). Pose hypotheses are initialized using the translational position. Fourth, a 3D model M of the target object is rendered
from multiple viewpoints based on the pose hypotheses and ROI parameters m = (mg, my,mz,mg) learned through Bayesian optimization
(Section III-D). Finally, an object pose is estimated by comparing the ROI of the test image and the rendered images (Section III-E). (b)

Pseudocode for ROI parameter optimization.

(a) Same-instance keypoint transfer

Test Reference Test Reference “Test
@ Reference keypoints m Transferred keypoints
Fig. 3. Keypoints transfer by semantic correspondence. (a) Same-

instance keypoints transfer. (b) Cross-instance keypoints transfer.

Reference

the pre-trained pose refinement and pose ranking networks
of FoundationPose to obtain the final pose estimation
values (Section III-E). Each step is detailed below.

A. Keypoints Transfer

First, a single keypoint is annotated within the focused
area of the reference image. We calculate the DINOv2 [21]
feature map of a test image and transfer the annotated
keypoint to the point in the test image where its feature
is most similar. Fig. 3 illustrates examples of this keypoint
transfer, showing the reference images alongside the target
test images. Fig. 3(a) shows same-instance keypoint trans-
fer, where keypoints are transferred from different images
of the same object. Fig. 3(b) demonstrates cross-instance
keypoint transfer, where keypoints are transferred from a
different object within the same category.

B. ROI Segmentation

Using the keypoint obtained in Section III-A as a spatial
prompt, we segment the focused area using SAM. We make

SAM generate three masks, and adopt the first one. We
also explore a method called PartPose-Train-Mask, which
combines the three outputs from SAM through weighted
averaging, using mask weights (1 —w; —ws, wy, we), similar
to PerSAM [22]. The mask weights (w1, ws) are optimized
using Bayesian optimization, as detailed in Section III-D.

C. ROI Position Estimation

Based on the partial mask obtained in Section III-B, we
estimate the initial translational position p = (X,Y,Z2)
of the focused area. To mitigate the impact of small,
disconnected fragments in the SAM-generated masks, we
extract contours from the partial mask and select the
largest connected region. The centroid of this region is
used as the ROI center (u,v) in the image coordinate
system. We estimate the distance Z from the camera to
the object by averaging the depth values within this region.
Using the ROI center (u,v), the estimated distance Z, and
the camera’s intrinsic parameters K, we compute the 3D
translational position p in the camera coordinate system.

D. Bayesian Optimization

We optimize the ROI parameters m which consist of the
ROT origin offset (my, my, m,) and the ROI diameter mq
using Bayesian optimization. The ROI parameters m are
normalized based on the dimensions of each side and the
diagonal length of the 3D bounding box enclosing the 3D
model M, resulting in normalized values within [0, 1]. This
normalization scales the ROI parameters according to the
object’s size. In PartPose-Train-Mask, we also optimize
the SAM mask weights (w;,wz). To ensure the combined
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weight does not exceed 1, we normalize the weights such
that w; + we = 1 if their initial sum is greater than 1.

To calculate the objective function, we assume that the
object is static and take two images from known camera
poses, “T., and “T,,, defined in the world coordinate
system. These poses can be determined if the camera is
mounted on a robotic arm with known kinematics or if the
camera setup is pre-calibrated and fixed. Next, the object
poses in the camera coordinate system, 1T, and “2T,, are
estimated as explained in Section III-E. We calculate the
object poses in the world coordinate system as “T,, “1T,
and “T.,“*T,, and compare them. The translational dis-
tance is measured by the Euclidean distance between
the translation vectors, and the 3D rotational distance is
calculated as 2 x arccos(|q1 - ¢2|) [23], [24], where ¢; and
g2 are the quaternions representing the 3D rotations. We
compute a weighted sum of these distances, with weights of
wy=1.0 for translation (in meters) and w,=0.1 for rotation
(in radians). Robustness to these parameters is evaluated
in Section IV-G. We minimize this objective function using
Bayesian optimization to find the optimal values for the
trainable parameters.

E. Pose Estimation

We use the translational position p = (X, Y, Z) obtained
in Section ITI-C to initialize pose hypotheses, following the
procedure of FoundationPose. We render the 3D model
M based on these initial hypotheses. In the 3D model’s
coordinate system, we define the ROI origin as a point
offset by (mg,m,, m.), and the ROI origin is set to the
translational position p during rendering. We crop both
the real-world and rendered images using a bounding box
centered around p, ensuring both images focus on the area
of interest. This bounding box encloses a sphere with a di-
ameter 1.2 times the ROI diameter my. By optimizing the
ROI parameters m = (mg, my, m., mq) through Bayesian
optimization, as detailed in Section III-D, we focus on
the most informative region to improve pose estimation
accuracy. The final pose estimation is achieved by refining
the pose hypotheses over five iterations using the pre-
trained pose refinement and pose ranking networks from
FoundationPose.

IV. EXPERIMENTS

In this section, we describe experiments designed to
demonstrate the effectiveness of PartPose for 6D pose
estimation of multi-part deformable objects. Furthermore,
to evaluate PartPose’s adaptability to unseen objects,
we investigate the feasibility of transferring category-level
knowledge for reference keypoints and trained parameters.
Standard datasets [25]-[30] and metrics [28], [31] used in
Benchmark for 6D Object Pose Estimation (BOP) [32],
[33] assume that objects are rigid and do not deform.
Therefore, we created our own dataset and defined ap-
propriate metrics specifically for multi-part deformable
objects.

Pouch drink 2 Pouch drink 3

(a) Pouch drink 1

Fig. 4. Target objects (green background) and 3D models (gray
background). The objects are categorized into three groups: (a)
Pouch drinks, (b) Cable-attached objects, (c) String-like objects.

(a)

Fig. 5. (a) A robotic arm equipped with an RGBD camera to
capture images from various viewpoints. A two-finger gripper for
object picking is mounted on the robotic arm. (b) Sample images
illustrating the shape variation across different pattern subsets.

A. Data Collection

Fig. 4 illustrates the target objects and the 3D mod-
els we created for our dataset. We collected data for
three distinct instances within each of the following three
categories: (a) pouch drinks, (b) cable-attached objects,
and (c) string-like objects. For each individual object, we
prepared a single reference image and manually marked
a keypoint near the center of its ROI. These designated
keypoints were subsequently transferred to each test im-
age. In the experiment evaluating category-level semantic
knowledge transfer, the reference keypoints were trans-
ferred from a different instance belonging to the same
object category.

Fig. 5 (a) depicts the system employed for data col-
lection and object picking. An RGBD camera (RealSense
D405) and ring lighting were mounted on a robotic arm
(URbe). A two-finger gripper (ROBOTIS HAND RH-P12-
RN), used for picking, is also mounted on the robotic arm.
During data collection, the target object was positioned
beneath the camera, and RGBD images were captured
from various viewpoints at an approximate distance of 30
cm. We deformed the shape of the objects’ flexible parts
to generate multiple distinct dataset patterns. We refer
to each partial dataset generated from these variations as
a pattern subset. Fig. 5 (b) shows representative sample
images. In this example, the shape of the pouch drink, as
well as the configuration of the cable of the power strip and
the string of the strap, varies across the different pattern
subsets. We generated five training pattern subsets, each
containing images from eight viewpoints, and five test
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pattern subsets, each with images from 27 viewpoints. The
camera poses during image acquisition were recorded using
the robot’s self-localization system and are included in the
dataset. These recorded camera poses are utilized to com-
pute the objective function in the Bayesian optimization
process. The 3D models were created using a 3D scanner
(KEYENCE VL-700).

B. Optimization

We applied Bayesian optimization as described in Sec-
tion III-D to determine the optimal values for the ROI
parameters m = (mg, my, m,, mq). Fig. 2(b) shows the
pseudocode for the ROI parameter optimization process.
The training procedure utilized images captured from
eight different viewpoints across the five training pattern
subsets. These eight images were randomly grouped into
four pairs, resulting in a total of 20 pairs across all
five training pattern subsets. For each of these pairs, we
calculated the objective function. We employed the Tree-
structured Parzen Estimator (TPE) algorithm [34] using
the Optuna optimization framework [35]. We adopted
TPE with a view toward future extensions of our proposed
method for optimizing discrete parameters, such as labels
to select the optimal ROI from multiple candidates, as will
be discussed in Section V. We empirically found that 200
optimization trials were sufficient to adequately optimize
the parameters. In most cases, the optimization converged
within 50 trials. The training time was approximately 3.3
hours using a single NVIDIA RTX 3090 Ti GPU.

C. FEwvaluation

We conducted an evaluation of PartPose and compared
to baselines and an ablation below.

PartPose (Ours): The proposed method that opti-
mizes the ROI parameters m.

PartPose-Train-Mask (Ours): A variant of PartPose
that additionally optimizes the mask-weight parameters
wiy and ws, following PerSAM.

PerSAM-FoundationPose: A baseline that generates
target masks using PerSAM and estimates 6D poses with
FoundationPose. First, PerSAM derives a feature vector
from a reference image and its corresponding mask. This
feature vector is then used to locate the point in the test
image that most closely resembles the target object. This
identified point serves as a spatial prompt for SAM to
generate the mask in the test image.

SAM-6D [3]: The state-of-the-art model-based pose
estimation method equipped with a partial-to-partial cor-
respondence mechanism that ignores parts of the scene
unrelated to the target object. We evaluate whether this
mechanism is effective for pose estimation of multi-part
deformable objects.

Any6D [8]: The state-of-the-art model-free pose esti-
mation method that utilizes 3D models generated from
a single reference image and estimates 6D poses with
FoundationPose.

Training-Free-PartPose: An ablation variant of Part-
Pose without optimization of ROI parameters.

Due to significant shape variations between the 3D mod-
els and real-world objects, standard 6D pose estimation
metrics like average distance [28] and visual surface dis-
crepancy [31] are not applicable. Instead, we compared the
estimated and ground-truth poses and computed transla-
tional and rotational errors.

Our primary evaluation metric was the success rate,
defined as the percentage of estimations with a translation
error within 30 mm and a rotation error within 0.3 radians.
We estimated the errors for 135 images per object, covering
27 different viewpoints across five test pattern subsets,
and calculated the average success rate for each object
category.

Ground truth poses were determined by averaging five
pose estimation results that were visually verified as
correct by human annotators. Correct estimations were
identified by overlaying the rendered 3D model onto the
real-world RGB image, allowing a human to visually assess
and judge the accuracy of the alignment. To validate
the annotation method, five participants annotated the
ground truth poses for three objects: a pouch drink 2, a
power strip, and beads. The translational and rotational
variations of the annotated poses were, on average, 2 mm
and 0.03 radians, respectively, with maximums of 6 mm
and 0.07 radians. Compared to the threshold for successful
pose estimation, the average variation was an order of
magnitude smaller. This result validates the soundness of
our ground-truth pose annotation method.

Additionally, we evaluated the success rate of an object
picking task using PartPose and PerSAM-FoundationPose.
A two-finger gripper mounted on the robotic arm
(Fig. 5(a)) was used to grasp each object based on its
estimated pose. We predefined desired grasp poses in the
3D model’s coordinate system (°Ty), then estimated the
object poses in the camera coordinate system (°7T},), and
finally computed the gripper pose in the world coordinate
system as: “T,="1T.°T,°T,. The grasp pose °T, was
defined by taking the center of the object’s rigid part as
the grasp point and orienting the gripper so that its two
fingers were parallel to either the shortest or the second-
shortest axis of the bounding box enclosing that rigid part.
For certain objects, such as the strap, the rigid part was
too thin, so we employed grasp poses oriented only parallel
to the shortest axis. For each object, we performed 20
grasp attempts while varying the object’s pose and the
configuration of its flexible part.

D. Success Rate of 6D Pose Estimation and Picking

Table II presents the experimental results. In the aver-
age success rates across all objects (the rightmost column
of the table), PartPose achieved the highest translational
(98.2%) and rotational (96.4%) success rates, significantly
outperforming the baselines. The baselines struggled, es-
pecially with string-like objects due to their large deforma-
tion, with PerSAM-FoundationPose achieving much lower
success rates of translation (29.9%) and rotation (25.2%).
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TABLE II
SUCCESS RATE OF POSE ESTIMATION AND PICKING. THE HIGHEST
PERFORMANCES ARE INDICATED WITH UNDERLINES.

TABLE III
SUCCESS RATE OF POSE ESTIMATION USING CROSS-INSTANCE
KNOWLEDGE TRANSFER IN PARTPOSE.

Translation Pouch  Cable  String All Translation Pouch  Cable  String
PartPose(Ours) 96.3% 99.3% 99.0%  98.2% w/o knowledge transfer 96.3%  99.3%  99.0%
PartPose-Train-Mask(Ours)  95.8%  97.5%  99.0% 97.4% Semantic knowledge transfer 94.1% 51.1% 93.0%
PerSAM-FoundationPose 44.7%  69.1%  29.9%  47.9% Geometric knowledge transfer  86.7% - -
SAM-6D 68.4% 62.5% 26.7% 52.5% Combined knowledge transfer  87.8% - -
Any6D 40.0%  4.0%  20.7%  21.6% . ;
Training-Free-PartPose 36.5% 50.4%  35.8%  40.9% Rotation Pouch  Cable String

: . w/o knowledge transfer 91.1%  99.0%  99.0%
Rotation Pouch Cable String All Semantic knowledge transfer 87.4%  48.9%  92.6%
PartPose(Ours) 91.1% 99.0% 99.0% 96.4% Geometric knowledge transfer  60.4% - -
PartPose-Train-Mask(Ours)  90.4% 97.3%  99.0%  95.6% Combined knowledge transfer  62.6% - -
PerSAM-FoundationPose 24.7% 57.8% 25.2%  35.9%
SAM-6D 427%  54.8%  20.3%  39.3% . . . .
Any6D 72%  1.2%  22.0% 10.1%  to a 3D modeling error. Since the single reference image
Training-Free-PartPose 2L.0% 432% 304% 31.5%  does not contain information about the object’s back side,
Picking Pouch Cable String  All the rotational estimation accuracy was extremely low.
PartPose(Ours) 83.3% 95.0% 83.3% 87.2% Training-Free-PartPose showed a significantly lower per-
PerSAM-FoundationPose 26.7% 38.3%  3.3% 22.8%  formance than the proposed method, with translational

Figure 1(b) provides examples of the ROI mask, cropped
real-world and rendered images, and their overlay along
the estimated poses using PartPose and the baseline
method, PerSAM-FoundationPose. With PartPose, the
ROI masks are focused on non-deformable regions, which
allows for accurate pose estimation. In contrast, PerSAM-
FoundationPose applies masks to the entire object, lead-
ing to significant errors. For the power strip, PerSAM-
FoundationPose attempts to match the shape of the cable,
which is flexible and prone to deformation. For the pouch
drink, PerSAM-FoundationPose struggles to match the
entire body, which has a variable shape in the real-world
and rendered images. These mismatches lead to significant
errors in pose estimation, as PerSAM-FoundationPose fails
to ignore shape differences. By focusing on stable, non-
deformable parts, PartPose achieves more reliable pose
estimations than the baseline approach.

PartPose-Train-Mask exhibited slightly lower perfor-
mance than PartPose, but the difference was marginal.
Across all objects, PartPose and PartPose-Train-Mask
achieved translational errors of 7.4 £ 12.2 and 8.4 £ 17.8
mm, and rotational errors of 0.2 £+ 0.4 and 0.2 £ 0.5
radians, respectively. A t-test at the 5% significance level
showed no significant difference. These results suggest that
PartPose’s strategy of using the first mask output of SAM
is optimal, and that there is no need to adjust mask
weights as in PartPose-Train-Mask.

SAM-6D achieved a slightly higher performance than
the other baselines, but its pose estimation success rates
were still low (52.5% for translation and 39.3% for rota-
tion). This suggests that the partial-to-partial correspon-
dence mechanism of SAM-6D is not effective in scenarios
involving the deformation of flexible parts. Because the
partial-to-partial correspondence relies on image feature
similarity, it can ignore regions with different appearances
(e.g., background or other objects), but it cannot accom-
modate deformations of the target object itself.

Any6D achieved the lowest performance, with transla-
tional (21.6%) and rotational (10.1%) success rates, due

and rotational success rates of 40.9% and 31.5%, respec-
tively. This suggests that ROI parameter optimization
plays a crucial role in PartPose.

The picking success rates followed the same trend as
the pose estimation. PartPose achieved an 87.2% success
rate, significantly outperforming PerSAM-FoundationPose
(22.8%), which struggled particularly with string-like ob-
jects, achieving only a 3.3% success rate. These results
suggest that models with a higher pose estimation success
rate also have a higher picking success rate.

E. Results for Category-level Knowledge Transfer

We explored how PartPose facilitates category-level
knowledge transfer by transferring information from a
source object to a target object within the same category.
We selected pouch drink 1, power strip, and beads as
source objects and transferred knowledge to two other
target instances in each category. We evaluated pose esti-
mation performance through three strategies of knowledge
transfer: semantic knowledge transfer, geometric knowledge
transfer, and combined knowledge transfer.

In semantic knowledge transfer, reference keypoints from
the source object were transferred to corresponding lo-
cation in target object images, as shown in Fig. 3 (b),
reducing the need for keypoint annotation on reference
images. For geometric knowledge transfer, we pre-trained
the ROI parameters of the source object and applied them
to the target object. In combined knowledge transfer, both
the reference keypoints and the ROI parameters were
transferred from the source to the target object. Note
that the ROI parameters cannot be transferred in non-
standardized products like cable-attached and string-like
objects, where ROI positions vary among instances.

Table III shows average success rates for translation
and rotation across the three strategies. For comparison,
we included results for w/o knowledge transfer, represent-
ing standard PartPose’s performance without transferring
knowledge from the source objects.

For the pouch drinks and string-like objects, semantic
knowledge transfer achieved competitive performance to



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

the w/o knowledge transfer method, whereas performance
for the cable-attached objects degraded substantially. We
attribute this to the fact that the pouch drinks and string-
like objects contain semantically similar parts, such as
plastic caps or paper labels, which meant keypoint transfer
hardly failed. In contrast, when transferring keypoints
from the power strip to the mouse, we found that 86%
of the keypoints were mapped to the mouse’s USB plug.
This factor is responsible for almost all observed failures
in semantic knowledge transfer.

On the other hand, with geometric knowledge transfer,
the translational and rotational success rates fell markedly
to 86.7% and 60.4%, respectively. In theory, ROI param-
eters can be transferred as long as the geometrical shapes
are the same; however, in practice, we found that object
deformations in the 3D models caused the pose of ROI
parts to vary from one instance to another. Successful ROI
parameter transfer depends on the geometric consistency
of 3D models across instances. For deformable objects,
maintaining shape consistency in 3D-scanned models is
difficult, and highly accurate models, such as those pro-
duced by CAD, may be required.

F. Inference Speed

We measured the time required by PartPose for pose
estimation and tracking. Since the render-and-compare
process is influenced by the rendering speed of 3D models,
we report the average and standard deviation for the pose
hypothesis refinement and ranking across nine objects.
All experiments were conducted on an Intel i9-14900K
CPU and an NVIDIA RTX 3090 Ti GPU. PartPose took
0.2 seconds for keypoint transfer, 0.02 seconds for ROI
segmentation, and 1.740.3 seconds for pose hypothesis
refinement and ranking, for a total of around 1.9 seconds.
Compared to FoundationPose, there is no additional com-
putational cost apart from the keypoint transfer. For pose
tracking, we followed the same approach as Foundation-
Pose by using the pose estimated in the previous step as
the pose hypothesis. This eliminates the need for keypoint
transfer and ROI segmentation, and it reduces the number
of pose hypothesis candidates to a single one. We refined
the pose hypothesis twice. Under these conditions, the
pose tracking time was 0.014 seconds, making real-time
pose tracking feasible.

G. Robustness to Weights in Objective Function

As described in Section III-D, PartPose uses the
weighted sum of translational and rotational errors as its
objective function, with weights w; and w,. To evaluate
the training robustness to these weights, we fixed wy;=1.0
and varied w,. We chose one object from each category
(pouch drink 1, AC adapter, and strap) and evaluated the
pose estimation accuracy (Table IV). A t-test at the 5%
significance level showed no significant difference between
the case of w,=0.1 and the other settings. These results
suggest that PartPose’s training is robust to the choice of
objective function weights.

TABLE IV
ROBUSTNESS TO ROTATIONAL ERROR WEIGHT w,. THE
TRANSLATIONAL ERRORS [MM] AND ROTATIONAL ERRORS [RADIANS]
ARE SHOWN AS MEAN & STANDARD DEVIATION.

Wy 0.01 0.03 0.1 0.3 1.0
Trans. 6+8 64 6+8 T£12 5+4
Rot. 0.2+0.5 0.2+£0.5 0.2+0.5 0.2£0.6 0.2+0.5

V. CONCLUSION

This study has addressed the overlooked challenge of
6D pose estimation for multi-part deformable objects
in robotic picking scenarios. By introducing PartPose,
we have provided a robust solution that focuses on the
non-deformable components of the multi-part deformable
objects, enabling accurate pose estimation of the gras-
pable parts. Our research highlights the limitations of
conventional model-based 6D pose estimation methods,
which predominantly target rigid objects and often result
in significant errors when applied to deformable items.
PartPose overcomes these limitations by identifying and
concentrating on specific ROIs within the objects, partic-
ularly the graspable, non-deformable parts, significantly
reducing errors associated with the deformable compo-
nents. Moreover, we have demonstrated that category-level
knowledge transfer can facilitate 6D pose estimation for
novel objects. In particular, semantic knowledge transfer
via cross-instance keypoint transfer reduces the effort
required to annotate keypoints on reference images and
enhances the adaptability and efficiency of robotic systems
in large-scale logistics warehouses.

PartPose has a few limitations. The method isn’t suit-
able for objects that are entirely deformable since it relies
on identifying non-deformable parts to accurately esti-
mate the pose. Also, similar to other 6D pose estimation
techniques, PartPose’s accuracy is reduced when working
with objects that have minimal texture or surface features,
which are vital for reliable pose estimation.

Several promising directions exist for future work. First,
we could improve robustness against various disturbances
in real-world warehouse environments. For example, if an
ROI region is occluded in cluttered settings or a rigid part
like a paper label is deformed, accurate pose estimation
becomes difficult. To address this, we can assign multiple
ROIs to a single object and select an adequate one that is
neither occluded nor deformed.

Furthermore, to enhance resilience to changes in illumi-
nation, it would be effective to tune the lighting parame-
ters used during rendering to match the lighting conditions
of the 3D model with those of the real environment. For
instance, one could learn rendering parameters along with
the ROI parameters to acquire lighting settings tailored to
each deployment site. Alternatively, one could dynamically
adjust lighting parameters during the pose hypothesis
refinement process to achieve more precise pose estimates.

Second, improving scalability for deployment in large-
scale warehouses is also a critical challenge. For example,
PartPose currently estimates ROIs using keypoints anno-
tated on reference images, but it would be desirable to



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

extend the system to operate without any annotations.
One possible direction is to leverage Vision-Language
Models [36]-[38] to automatically identify rigid and easily
graspable regions in reference images. Alternatively, it is
conceivable to automatically detect salient regions and,

for

each region, learn a label—whether to adopt it as an

ROI or not—using Bayesian optimization. Additionally,
the requirement of 3D models for model-based 6D pose
estimation can become a bottleneck for scalability. One
potential extension is toward model-free 6D pose estima-
tion techniques [5]-[8], which could enhance applicability
to cases where the object’s 3D model is unavailable.
These future directions hold the potential to further
enhance the robustness and applicability of PartPose,
paving the way for more sophisticated and versatile robotic
manipulation systems in large-scale warehouses.
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