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Abstract

We introduce Any6D, a model-free framework for 6D ob-
ject pose estimation that requires only a single RGB-D an-
chor image to estimate both the 6D pose and size of un-
known objects in novel scenes. Unlike existing methods
that rely on textured 3D models or multiple viewpoints,
Any6D leverages a joint object alignment process to en-
hance 2D-3D alignment and metric scale estimation for im-
proved pose accuracy. Our approach integrates a render-
and-compare strategy to generate and refine pose hypothe-
ses, enabling robust performance in scenarios with occlu-
sions, non-overlapping views, diverse lighting conditions,
and large cross-environment variations. We evaluate our
method on five challenging datasets: REAL27S5, Toyota-
Light, HO3D, YCBINEOAT, and LM-O, demonstrating its
effectiveness in significantly outperforming state-of-the-art
methods for novel object pose estimation. Project page:
https://taeyeop.com/any6d

1. Introduction

Object 6D pose estimation is a crucial problem in com-
puter vision and robotics, focusing on determining the
rigid 6D transformation, comprising both 3D orientation
and 3D translation, between reference and camera coordi-
nates. This task has numerous practical applications, such
as robotic manipulation [4, 13, 64, 69, 73, 78] and aug-
mented reality [43, 44, 55]. In recent years, significant
progress has been made in this field [3, 13, 20, 33], and
research is ongoing.

Research in 6D object pose estimation can be broadly
categorized into three approaches: instance-level [22, 51,
62, 68], category-level [26-28, 32, 61, 65], and category-
agnostic methods [47, 48, 71, 77]. Instance-level meth-
ods provide high precision but come with significant lim-
itations. They rely on exact RGB-textured CAD models
for estimating object poses, which restricts their effective-
ness to only those objects seen during training. A ma-
jor drawback is their inability to handle new objects with-
out additional fine-tuning. Category-level methods partially
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Figure 1. Our method accurately estimates 6D object pose for novel objects
on drastically different scenes and viewpoints using only a single RGB-D
anchor image. We achieve robust pose estimation without requiring precise
CAD models or posed multi-view reference images.

mitigate these limitations by using category-specific prior
knowledge, but they are still restricted to predefined object
categories. Moreover, they face considerable challenges in
acquiring comprehensive training datasets due to the com-
plexity of aligning canonical poses. In contrast, category-
agnostic methods aim to generalize across different objects
without being limited to specific instances or categories, of-
fering a more flexible approach to 6D pose estimation.

Recent research has shifted toward category-agnostic ap-
proaches [25, 30, 47, 47, 52, 58, 70, 71] to address the lim-
itations of both category-level and instance-level pose esti-
mation. These efforts can be broadly divided into two di-
rections: model-based methods [30, 47, 52], which require
textured RGB 3D CAD models at test time, and model-free
methods [16, 39, 59, 77], which utilize multiview reference
images or video sequences of the target object during in-
ference. Although both approaches show promising results,
they still face significant practical limitations when dealing
with unseen objects that are not physically accessible. In
robotic manipulation scenarios, for example, these methods
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face difficulties when a robot encounters unexpected objects
in a new environment without available 3D models or mul-
tiview images. This dependency on prior object data signif-
icantly limits their effectiveness in real-world applications.

To address these challenges, Oryon [11] introduces a
novel model-free approach for estimating the 6D pose of
objects from a single reference RGBD image. Unlike earlier
methods that rely heavily on detailed object data at test time,
Oryon uses language guidance to perform pose estimation
with just a single RGBD reference. This method demon-
strates impressive adaptability, functioning effectively even
when reference and target images come from entirely differ-
ent environments. Oryon establishes correspondences be-
tween images using language cues and estimates the pose
by aligning visible point clouds from the reference. How-
ever, its performance degrades when occlusions or mini-
mal overlap object regions between the reference and target
objects, limiting the number of matching points. Conse-
quently, Oryon struggles in object manipulation scenarios
involving human or robotic arms, particularly when targets
are occluded, appear in non-overlapping views, or lack suf-
ficient texture [15, 67], as shown in our experiments.

To overcome these limitations, we present Any6DPose, a
novel model-free approach for object pose estimation using
a single anchor RGBD image. Inspired by recent advances
in image-to-3D models [21, 36, 41, 72, 74, 76], our method
estimates metric scale object shape for object pose estima-
tion. Although existing 3D generation methods achieved
promising photorealistic consistency between the input im-
age and the generated 3D shape in normalized space, they
often neglect critical aspects of 2D-3D alignment, espe-
cially the metric scale, which is crucial for accurate pose
estimation and the subsequent downstream tasks. There-
fore, we introduce a simple yet effective object alignment,
jointly improving object size and pose estimation by align-
ment in 2D and 3D space. We generate multiple pose hy-
potheses and use a render and compare strategy to select the
optimal one, building on previous work [71]. This enables
our method to effectively handle disjoint views between
query and anchor objects, as well as occlusions, diverse
light conditions, and large cross-environment variations.
We validate our approach across diverse scenarios on five
public datasets: HO3D, YCBINEOAT, REAL275, Toyota-
Light, and LM-O. Our Any6DPose significantly outper-
forms state-of-the-art methods in novel object pose estima-
tion.

The main contributions of our work are as follows:

* We introduce Any6DPose, a novel framework that en-
ables 6D pose and size estimation of novel objects in dif-
ferent scenes from only a single reference image.

* We propose a straightforward yet effective object align-
ment technique that addresses the challenges of exist-
ing 3D generation models, specifically improving 2D-3D

alignment and size estimation for accurate pose estima-
tion.

* We validate our approach through extensive experiments,
demonstrating superior performance compared to state-
of-the-art methods across five benchmark datasets.

2. Related Works
2.1. CAD Model-based Object Pose Estimation

Instance-level pose estimation methods [17, 18, 24, 50, 64]
rely on textured CAD models of specific objects, with train-
ing and testing conducted on the same instances. Category-
level methods [8, 10, 31, 65, 79] generalize to novel in-
stances within known categories but require expensive cat-
egory annotations and remain constrained to predefined ob-
ject classes. Category-agnostic methods [6, 9, 30] address
these limitations by estimating the poses of arbitrary novel
objects without category constraints. However, most still
utilize ground-truth CAD models during inference, restrict-
ing their practical application in real-world scenarios where
such models are unavailable. Some recent works [35, 54]
try to retrieve CAD from existing databases.

2.2. Model-Free Object Pose Estimation

To overcome the limitations of CAD dependencies, model-
free approaches have been developed that eliminate the
need for explicit textured models by relying instead on a
set of reference images of the target object. Gen6D [39],
OnePose [60], and OnePose++[16] generate 3D point
clouds from videos or multiple views using structure-from-
motion (SfM) [57] and utilize these point clouds for pose
estimation through 2D-3D matching [23, 29]. FS6D [77]
and FoundationPose [71] extend this approach to RGB-D
images, achieving promising results. However, these meth-
ods still depend on multiview images, with most requiring
camera poses to merge these views, which is often imprac-
tical in real-world scenarios.

Motivated by these challenges, recent work has focused
on reducing these dependencies. For example, NOPE [40]
estimates relative orientation using only a single anchor im-
age. LoFTR [59] also contributes by using a transformer-
based approach for feature matching, effectively enhancing
the robustness of pose estimation from a single image. Sim-
ilarly, Oryon [1 1] reduces the requirement to a single image
by incorporating language guidance. However, these partial
matching methods [11, 12, 34, 38, 53, 59] struggle in sce-
narios with non-overlap regions or significant occlusions in
the target image. GigaPose [47], closely related to our ap-
proach, utilizes image-to-3D (Wonder3D [41]) to estimate
object pose but still requires an initial novel object pose to
determine object size. Concurrently, HIPPo [40], OmniMa-
nip [49], and SceneComplete [1] explore model-free object
pose estimation from an image using image-to-3D methods.
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Figure 2. Overview of the Any6D framework for model-free object pose estimation. First, we reconstruct normalized object shape O from the image-to-
3D model. Then, we estimate accurate object pose and size from anchor image I 4 using the proposed object alignment (Sec. 3.1). Next, we use the query
image I to estimate the pose with the reconstructed metric-scale object shape Oz (Sec. 3.2).

3. Method

Given an RGB-D anchor image (/4) and an RGB-D query
image (Iq), our task is to estimate the relative pose between
them. The query images may capture the same object from
drastically different viewpoints and scenes from the single
anchor image. We formulate the problem as a relative pose
estimation task [2, 11, 53, 59]. Our method aims to estimate
the relative 6D pose T4, € SE(3) between I4 and Ig,
where T 4_,¢ is defined as the rigid transformation [R | ¢],
consisting of a rotation R € SO(3) and a translation ¢ € R?.

Previous approaches have attempted matching using ei-
ther visible RGB images [56, 59] or point clouds [2, 53].
While effective with significant overlap, these methods
struggle in scenarios with occlusions or large viewpoint
variations, as partial-to-partial matching lacks sufficient
shared features. To address these challenges, our method
adopts a full-to-partial matching strategy by reconstruct-
ing a complete 3D object shape, ensuring robust align-
ment even under little overlap. Accurate pose estimation
is achieved through a render-and-compare pipeline [71],
effectively handling occluded or partially visible objects.
The benefits of our approach are confirmed through exten-
sive experiments (Sec. 4.3), demonstrating superior perfor-
mance in low-overlap scenarios.

We introduce Any6D, a framework for estimating the
relative pose T 4, between an anchor image /4 and a
query image Ip. Our framework comprises two compo-
nents: first, we reconstruct the normalized object shape Oy
from the anchor image using an image-to-3D model, with-
out considering real-world scale or pose, and then estimate
the metric-scale object shape O by determining both the

actual object size s € R3 and the pose Tp,, 4, aligning it
properly in 2D and 3D space (Sec. 3.1). Next, we use the
reconstructed metric-scale object shape and the query im-
age to estimate the pose, deriving the relative transforma-
tion T 4, by combining Tp,, 4 and Tp,, ¢ (Sec. 3.2).
The complete workflow of our Any6D framework is illus-
trated in Fig. 2.

3.1. Coarse Object Alignment

To our knowledge, there is no reliable existing solution
for single-view metric-scale reconstruction from RGB-D
that can handle diverse objects effectively. Given the re-
cent advancements in RGB-based single-view reconstruc-
tion [21, 37, 76], we thus resort to InstantMesh [76] which
has shown promising results across various objects. One
key limitation, however, is the 3D object reconstruction
only yields a shape with a normalized scale O, in the range
[-1, 1] for each XYZ axis, meaning the resulting meshes
are not properly scaled or positioned relative to the actual
scene. This limitation prevents us from obtaining accurate
pose alignment further, thus motivating our object align-
ment step, where we first estimate a coarse size of the object
shape O} and then refine this size by jointly solving accu-
rate pose Tp,, 4. Our approach involves estimating and
aligning object shapes in both 3D and 2D spaces between
I4 and Oy, including T,, € SE(3), and size s € R3.
Specifically, we estimate the object size s in a coarse-to-
fine manner using 4. We first initialize the coarse object
size by comparing point clouds between [4 and Oy from
their respective object centers. While the mean of points
is a straightforward approach for center estimation, it be-
comes unreliable due to partial viewpoint and noisy outlier
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points in the anchor image, as shown in Fig. 3-(a, b). Us-
ing a simple axis-aligned bounding box also leads to inac-
curate center estimation due to the partial observability, as
shown in Fig. 3-(c). Therefore, we propose using an ori-
ented bounding box to determine the object center, as shown
in Fig. 3-(d), which yields a more reliable coarse center es-
timate for I 4. For the axis alignment, we align the oriented
bounding box with the XYZ axis. We then sample various
rotation angles and calculate the IoU between the rotated
bounding boxes of I4 and Oy across different angles. The
combination of rotation and scale that leads to the highest
IoU is used to transform Oy into a coarsely aligned object
shape, updating it to an initial object shape Oj;/, which is
subsequently used for accurate pose and size estimation.

3.2. Fine Object Alignment

Our framework aims to determine the relative pose T 4,
between an anchor image I4 and a query image Iy. This
process involves multiple steps, starting with the recon-
struction of a coarse object shape O, and subsequently
refining it to obtain the final metric-scale object shape Oy.
Given the coarsely scaled initial shape O/, we jointly re-
fine both the pose and the object size through our object and
size refinement.

To refine the object shape and pose, we draw inspira-
tion from FoundationPose [71] for its effective pose gen-
eration, refinement, and selection capabilities. However, it
either requires ground-truth metric-scale object CAD for its
model-based setup or multiple posed reference images in
its model-free setup. This prevents its direct application in
our considered setup, where only a single RGBD reference
image is provided. We thus develop a joint module that
injects the size estimation task into its pose refinement pro-
cess. This allows us to estimate both the metric-scale size
and pose reliably simultaneously.

Our refinement pipeline involves three primary modules:
pose estimation, size estimation, and axis alignment—all
of which work together in a unified process by alternat-
ing between the task of size refinement and pose refine-
ment. We begin by estimating an initial pose using O,
and simultaneously refining the object size. In Founda-
tionPose [71], sampling for pose hypothesis generation was
only performed in SO(3) without considering size varia-
tions. Instead, we additionally sample different sizes, to-
gether with SO(3) sampling. In particular, the size samples
are drawn in the range of As € [sg, s1] (we empirically set
so = 0.6,s7 = 1.4) along each axis. We then refine the
sampled pose hypothesis using the refinement module pro-
vided by [71] and render them to compare with the query
image observation. The optimal pose hypothesis is selected
based on the comparison score indicated by the pose selec-
tion module in [71]. Once the optimal size is determined,
we scale the object shape and switch to the pose refinement
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Figure 3. Visualization of each point clouds and center of mustard object.

stage, including an axis alignment step for more precise ac-
curacy. This updated alignment leverages the joint estima-
tion of size and pose, leading to greater accuracy than tradi-
tional IoU-based methods.

After refining the object parameters, we determine the fi-
nal object pose T ,,—, 4, which provides an accurate align-
ment of the reconstructed object shape. With the anchor im-
age I 4, query image Iy, and metric-scale object shape Oy,
we estimate the relative pose T 4_,¢ by composing two
transformations: from the object to the anchor (To,, )
and from the object to the query (Tp,,—q). The relative
pose can be expressed as follows:

TAHQ = (TOMHA)_I : TOMHQ (D

For pose selection, we employ a two-level render-and-
compare strategy. Initially, a pose ranking network eval-
uates each hypothesis by comparing its rendered view to
the cropped observation, producing an embedding to quan-
tify alignment quality. Then, we apply self-attention to the
concatenated embeddings of all hypotheses, incorporating
global context to generate final scores for selecting the op-
timal pose.

4. Experiments
4.1. Datasets

We evaluate our method on five diverse real-world datasets:
HO3D [15], YCBInEOTA [67], Toyota-Light [19],
REAL275 [65], and LM-O [5]. Each dataset presents
unique challenges in object pose estimation under various
interaction scenarios and environmental conditions.

HO3D [15] captures close-range RGB-D images of human-
hand object interactions. Using the latest HO3D-V3 ver-
sion, we evaluate our method on 4 objects across 13 video
sequences, totaling 2K images. The dataset presents large
variations in viewpoints and significant hand-based occlu-
sions. We sample pair images from the DexYCB [7] dataset.
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Table 1. Model-free pose estimation results measured by AUC of ADD, and ADD-S, AR on HO3D dataset.

Oryon [11] LoFTR [59] Gedi [53] Ours

Modality = RGB-D & Language RGB-D Depth RGB-D

Metrics ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR
AP10 23.8 00 04 22.5 0.0 1.2 94.4 1.9 35 100.0 162 222
AP11 25.6 0.0 1.3 59.4 15.6 14.8 100.0 55.0 323 100.0 73.8 590
AP12 212 0.0 1.4 12.5 1.2 2.1 99.4 306 203 100.0 48.8 283
AP13 26.2 00 0.6 31.9 1.9 1.9 100.0 13.1 838 100.0 744 450
AP14 8.1 00 0.0 25.0 0.0 0.0 76.2 0.0 0.6 100.0 356 297
SM1 24.7 0.0 1.1 52.8 34 1.9 82.0 0.0 1.6 86.5 348 278
SB11 46.1 00 24 754 84 15.6 96.4 13.8 121 100.0 86.8  68.9
SB13 29.9 00 42 335 0.0 1.9 98.2 114 94 99.4 64.1 546
MPM10 8.3 00 02 134 0.0 0.3 29.9 0.0 3.1 98.7 26.8 313
MPM11 33.8 00 0.1 26.1 0.0 0.0 35.0 0.0 0.6 100.0 32 324
MPM12 17.2 0.0 0.1 5.1 0.0 0.0 42.0 0.0 0.4 100.0 1.3 23.5
MPM13 242 00 04 10.2 0.0 0.3 45.2 0.0 1.3 100.0 159 309
MPM14 9.6 0.0 1.4 15.9 0.0 2.0 35.7 0.0 1.5 98.7 439 440
MEAN 23.0 0.0 1.0 29.5 2.3 32 71.9 9.7 74 98.7 404 383

YCBInEOTA [67] features mid-range RGBD images of
dual-arm robot manipulations. The dataset includes three
types of interactions: single-arm pick-and-place, within-
hand manipulation, and pick-and-place with handoff be-
tween arms. We evaluate our method on 5 objects across 9
videos, totaling 749 frames, with pair images sampled from
DexYCB [7]. The dataset presents diverse viewpoints and
robot arm occlusions.

Toyota-Light [19] focuses on single-object pose estimation
under challenging lighting conditions. It features significant
lighting variations between scenes, which present crucial
challenges. Following Oryon[1 1], we evaluate our method
on 2K image pairs.

REAL?27S [65] consists of RGBD images captured across
different scenes, featuring six object categories with three
instances per category. The dataset exhibits limited view-
point variations and includes scenarios with minor occlu-
sions. Following Oryon[1 1], we evaluate our method on 2K
image pairs selected from the original real-world test set.
LM-O [5] consists of RGBD images captured in cluttered
scenes, featuring 12 distinct textureless objects. The dataset
has viewpoint variations and realistic occlusion scenarios.
We follow GigaPose[47] of input image, segmentation, and
image-to-3d methods for comparison.

4.2. Metrics

Our primary evaluation metrics are based on the Average
Distance of Model Points (ADD) [64, 75], which computes
the mean distance between corresponding 3D model points
under-predicted and ground truth poses. For asymmetric
objects, we use ADD directly, while for symmetric objects,
we employ ADD-S, which calculates the average distance
to the closest model point. We report the Area Under the
Curve (AUC) and the recall rate at a threshold of 0.1 times
the object diameter [16, 77]. Additionally, we evaluate us-
ing the metrics established in the BOP challenge [20], in-
cluding the Average Recall (AR) of Visual Surface Discrep-

ancy (VSD), Maximum Symmetry-aware Surface Distance
(MSSD), and Maximum Symmetry-aware Projection Dis-
tance (MSPD). These metrics provide complementary per-
spectives on pose accuracy by evaluating recalls over mul-
tiple thresholds.

4.3. Comparison with State-of-the-art

The evaluation is conducted on 5 challenging datasets:
HO3D, YCBInEOTA, Toyota-Light, REAL275, and LM-
O, each presenting unique challenges for pose estimation.
For evaluation, we align the relative pose T4, with the
object pose Tpo_,q by multiplying it with Tp_, 4, follow-
ing the approach used in Oryon [11]. We use ground-truth
segmentation masks to evaluate the HO3D, YCBInEOTA,
Toyota-Light, and REAL275 datasets.

We compare our approach against several recent state-of-
the-art methods, including Oryon [ 1 1], a multi-modal object
pose estimation method, and single-image matching base-
lines such as LoFTR [59], Gedi [53], and ObjectMatch [14].
For LoFTR, we use matched point clouds combined with
pose optimization [63] to estimate accurate object poses.
ObjectMatch leverages SuperGlue [56] for match estima-
tion, as outlined in Oryon [11]. These baselines cover a
range of approaches to pose estimation, from traditional
feature matching to recent learning-based methods.

Table | summarized the results on HO3D dataset. The
experimental results on the HO3D dataset demonstrate that
our proposed method significantly outperforms state-of-the-
art approaches across all evaluation metrics. Specifically,
our method achieves mean scores of 98.7%, 40.4%, and
38.3% for ADD-S, ADD, and AR metrics, respectively,
substantially surpassing previous methods, including Oryon
(4.1%, 0%, 0.2%), LoFTR (29.5%, 2.3%, 3.2%), and Gedi
(71.9%, 9.7%, 7.4%). These results are particularly notable
given our method’s consistent performance across object
instances, even in challenging scenarios involving human-
hand interactions and occlusions. The exceptional improve-
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Table 2. Model-free pose estimation results measured by AUC of ADD, ADD-S, and AR on YCBINEOAT dataset.

Oryon [11] LoFTR [59] Gedi [53] Ours

Modality RGB-D & Language RGB-D Depth RGB-D

Metrics ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR ADD-S ADD AR
sugar_box 1 44.0 0.0 1.1 473 0.0 0.1 95.6 0.0 1.7 96.7 143 113
sugar_box_yalehand0 34.7 30 52 41.6 0.0 0.1 82.2 69 215 89.1 752 444
mustard0 48.6 00 35 473 203 152 100 00 19.1 100 23 32.4
mustard_easy_00_02 36.2 00 03 232 0.0 1.9 78.3 00 202 78.3 536 392
bleach0 104 00 15 552 0.0 0.9 74.6 0.0 7.7 98.5 68.7 56
bleach_hard_00_03_chaitanya 24.4 6.7 6.1 60 156 187 66.7 622 355 73.3 51.1 377
tomato_soup_can_yalehand0 32.8 0.0 45 10.7 0.0 6.8 60.3 0.0 7.8 70.2 0 14.1
cracker_box _reorient 13.2 0.0 0 26.3 0.0 0 97.4 0.0 1.8 100 60.5 442
cracker_box_yalehand0 15.0 0.0 1.2 22.6 0.0 0.2 89.5 0.0 10.4 97.7 63.9 582
MEAN 28.8 1.1 2.6 37.1 49 82.7 77 14.0 89.3 45.6 375

Table 3. Model-free pose estimation results measured by AUC of ADD(-
S), AR, MSSD, MSPD, and VSD on the Toyota-Light (TOYL) dataset.

Method ADD(-S) AR MSSD MSPD VSD
SIFT [42] 14.1 303 39.6 44.1 7.3
Obj. Mat. [14] 5.4 9.8 13.0 14.0 2.4
Oryon [11] 229 341 429 45.5 13.9
Ours 32.2 433 558 58.4 15.8

Table 4. Model-free pose estimation results measured by AUC of ADD(-
S), AR, MSSD, MSPD, and VSD on the REAL275 dataset.

Method ADD(-S) AR MSSD MSPD VSD
SIFT [42] 16.4 341 379 48.0 16.5
Obj. Mat. [14] 13.4 260 317 30.8 15.5
Oryon [11] 349 465 509 56.7 32.1
Ours 53.5 51.0 56.5 65.3 31.1

ment in ADD-S metrics, approaching 100% in most cases,
validates our method’s robustness and accurate pose estima-
tion under dynamic conditions.

For the YCBInEOAT dataset (Table 2), our approach
achieves superior performance with mean scores of 89.3,
45.6, and 37.5 for ADD-S, ADD, and AR, significantly sur-
passing the corresponding scores of Gedi, which are 82.7,
7.7, and 14.0. The substantial improvement in ADD metrics
particularly highlights our method’s capability in precise
pose estimation. These results validate our method’s effec-
tiveness in challenging scenarios with occlusions and non-
overlapping viewpoints, which are critical for real-world
robotic applications.

On the Toyota-Light dataset (Table 3), our method
demonstrates substantial improvements across all metrics.
We achieve 32.2% in ADD(-S), 43.3% in AR, 55.8% in
MSSD, and 58.4% in MSPD, consistently outperforming
Oryon by significant margins (9.3%, 9.2%, 12.9%, and
12.9% respectively). Our approach shows particular robust-
ness under varying lighting conditions, which often pose
significant challenges for existing methods. The consistent
performance across all metrics demonstrates the stability of
our approach in handling different lighting scenarios.

On the REAL275 dataset (Table 4), our method demon-
strates remarkable performance, achieving 53.5% in ADD(-
S), 51.0% in AR, 56.5% in MSSD, and 65.3% in MSPD.
These results significantly surpass previous methods, par-

Table 5. Model-free pose estimation results measured by AUC of AR,
MSSD, MSPD, and VSD on the Linemod Occlusion (LM-O) dataset.

. Metrics
Method Segmentation Image-to-3D AR MSPD MSSD VSD
GigaPose [47] CNOS [45] Wonder3D [41] 17.5 35.8 9.0 7.6
Ours CNOS [45] Wonder3D [41] 28.6  36.1 32.0 17.6
Ours CNOS [45]  InstantMesh [76] 252  29.5 274 187

ticularly showing substantial improvements over Oryon
in most metrics (improvements of 18.6%, 4.5%, 27.1%,
and 33.8%, respectively). While maintaining competitive
performance in VSD (31.1% versus Oryon’s 32.1%), our
method excels in all other metrics, demonstrating superior
generalization across various object categories and poses.
This comprehensive evaluation validates the robustness and
versatility of our approach in handling diverse real-world
scenarios.

Finally, on the Linemod Occlusion (LM-O) dataset (Ta-
ble 5), we compare the estimation of the pose with a 3D
model predicted from a single image. We compare the same
input images, segmentation [45], and image-to-3D [41] fol-
lowed by GigaPose [47] for fair comparison. Our method
outperforms GigaPose under the same settings. Note that
Gigapose is an RGB-based method but requires the initial
pose to determine object size, while our method estimates
object size from a single RGB-D image.

These extensive experiments across multiple datasets
demonstrate that our method consistently outperforms ex-
isting approaches, often by significant margins. The strong
performance across different metrics and various challeng-
ing scenarios validates the effectiveness and reliability of
our approach for real-world applications.

4.4. Qualitative Results

Fig. 4 shows qualitative results of our method compared
to Oryon [11], LoFTR [59], and Gedi [53] on the HO3D
dataset. Given the anchor image (left), we overlay the ob-
ject contours in pink, along with the rendered object and
rotation axes, to visualize the pose estimation results. The
query images are selected to have no overlapping parts with
the anchor images, creating a challenging scenario for pose
estimation. While Oryon, LoFTR, and Gedi struggle under
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Anchor Image

Figure 4. Qualitative comparison of state-of-the-art methods on the HO3D Dataset. In this challenging scenario, the left anchor image shows only partially
visible objects, while the query images are not visible due to occlusion or different viewing angles. This represents the most challenging case for matching.
Gedi, being a depth-based method, shows ambiguity when dealing with RGB-based non-symmetric objects.

these conditions due to their reliance on partial anchor infor-
mation, our method effectively reconstructs complete object
shapes, allowing for robust pose estimation even when parts
of the object are occluded or not visible in the anchor view.

The first example features a white cleanser object where
only a portion is visible in the anchor image, with a signif-
icantly different viewpoint in the query image. Our method
accurately estimates the pose, while others fail to handle
the limited visibility of key features. In the second example
with a SPAM can, the anchor image shows only the back
view, while the query image captures the logo side par-
tially occluded by a hand. Despite these challenging con-
ditions, our method successfully estimates the correct pose,
while competing methods fail to align due to their reliance
on limited anchor information. The final example shows a
blue pitcher where Gedi roughly estimates the center posi-
tion but fails to capture the correct orientation. In contrast,
our method successfully aligns rotational and translational
components, closely matching the ground truth pose.

Fig. 5 demonstrates our pose estimation results in robotic
manipulation scenarios on the YCBInEOAT dataset. We
compare our method with Oryon, LoFTR, and Gedi across
various examples of robot-object interaction. In the first ex-
ample with a red cracker box, our method accurately aligns
both position and orientation, while other methods strug-
gle with pose estimation. Notably, the anchor image only
shows the front cheese logo, yet our method successfully
handles the back view in the query image. The second ex-
ample involves a yellow mustard bottle manipulated by two
dual robot arms. Our method maintains accurate pose es-
timation throughout the interaction, proving robust to oc-
clusions from the gripper. In the final example with a yel-

low sugar box, our method achieves precise pose estima-
tion despite minimal visible information in the anchor im-
age, while competing methods fail to handle the challenging
viewpoint variations. These qualitative results highlight our
method handles challenging scenarios involving significant
occlusions and viewpoint changes, consistently outperform-
ing existing approaches in pose estimation accuracy.

4.5. Ablation Studies

In this section, we conduct ablation studies to evaluate our
object shape and alignment estimation.

Object Shape. We evaluate different object reconstruc-
tion approaches for pose estimation, including a compari-
son with a partial view-based baseline. For this baseline,
given a camera-to-object pose T, o and a reference RGB-
D image I,., we train an object-centric NeRF [70] model and
use marching cubes [66] to extract a textured mesh. This
baseline relies on ground-truth poses to train NeRF with
aligned object coordinates, ensuring a fair comparison with
the same pose estimation setup. It follows the single image
version of FoundationPose [71]. As shown in Fig. 6, our
reconstructed shapes differ significantly from the baseline,
which exhibits missing regions in rear and diagonal views,
leading to ambiguity in rendering and pose estimation. Ta-
ble 6 presents the pose estimation results and mesh quality
evaluation using Chamfer Distance (CD). The CD between
our reconstructions and ground-truth meshes indicates that
lower values correspond to better accuracy. Additionally,
we found that improper axis alignment leads to distortions
in the X, Y, and Z ratios, highlighting the importance of
precise axis alignment.

Object Alignment. We evaluate our simple but effective
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Figure 5. Qualitative comparison of state-of-the-art methods on the YCBInEOAT Dataset. In this challenging scenario, the left anchor image shows only
partially visible objects, while the query images are not visible due to occlusion or different viewing angles. This represents the most challenging case for
matching. Gedi, being a depth-based method, shows ambiguity when dealing with RGB-based non-symmetric objects.

Figure 6. Comparison of shape quality between baseline method and ours.

Table 6. Ablation Studies of Size Estimation on the HO3D dataset.

Method Object Alignment Metrics

Coarse Size Refi Axis Align ADD-S (1) ADD() AR(1) CD()
Baseline X X X 28.6 0.00 0.20 1.02
(1) X X X 0.0 0.0 0.0 1.47
?) X v v 98.0 255 26.8 0.53
3) v X v 83.7 26.6 22.5 0.92
(4) v v X 92.3 23.6 24.9 0.66
Ours v v Vv 98.7 40.4 383 0.49

object alignment module: coarse size estimation, size and
pose refinement and axis alignment. The results of our ab-
lation study on these components are presented in Table 6.
First, as shown in Table 6-(1), using raw object shape esti-
mation without any alignment steps leads to failure in accu-
rately estimating the object’s rotation and translation, with
all metrics showing subpar performance. This underscores
the importance of size alignment as a foundational step in
pose estimation. In Table 6-(2) and in our full method, in-
corporating coarse size estimation substantially improves
the ADD metric. This shows that even a basic size esti-

mation allows the model to approximate the object’s pose
better. Next, Table 6-(3) demonstrates that incorporating
axis alignment further enhances performance, particularly
on the ADD-S and AR metrics. This process not only im-
proves object shape estimation but also yields significant
gains in pose accuracy by aligning the object’s axes to avoid
distortion in its proportions along the X, y, and z directions.
Finally, our full method, incorporating coarse size estima-
tion, refinement, and axis alignment, achieves the best re-
sults across all metrics. Specifically, as shown in Table 6,
our method reaches an ADD of 40.4 and an AR of 38.3, out-
performing the other configurations. These results validate
the effectiveness of our alignment approach in enhancing
object pose estimation.

5. Conclusion

We introduce Any6D, a novel framework for model-free ob-
ject pose estimation that reduces dependence on CAD mod-
els and multi-view images, particularly in challenging ob-
ject manipulation scenarios. Our method proposes an effi-
cient object alignment method for precise pose and size es-
timation. Extensive experiments demonstrate that Any6D
significantly outperforms state-of-the-art methods for oc-
clusions and varying viewpoints. While our method shows
promising results on pose and size estimation through
image-to-3D alignment, it has limitations when the initial
3D shape is inaccurate, as our approach does not incorpo-
rate shape updating. A future direction would be to refine
shape to enhance robustness and applicability in scenarios
with inaccurate initial shapes.
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