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Abstract. Real-world applications require 6D pose estimation to be
accurate, fast, and scalable to unseen objects. This paper introduces
WAPR, a zero-shot wide-angle pose re�nement model that re�nes candi-
date poses with rotational deviations up to 90◦. With as few as 12 candi-
date poses per detected object instance, WAPR supports fast inference
within 1 s per frame and reaches a pose-estimation throughput of up to 25
detected object instances per second. To support wide-angle training for
rotationally symmetric objects, WAPR uses rotational symmetry priors
to canonicalize symmetry-equivalent pose targets before loss computa-
tion. We further construct SA6D, a large-scale 6D training dataset with
such priors. SA6D obtains KASAL-assisted rotational symmetry priors
for 944 GSO scans and expands them through geometry and texture aug-
mentation into ∼50K augmented object instances and ∼2M rendered
RGB-D images. In addition, an angle-balanced loss stabilizes learning
across di�erent angular ranges by reducing the in�uence of uninforma-
tive large-error cases. Experiments on seven BOP core datasets show that
WAPR achieves state-of-the-art performance in unseen-object 6D pose
localization and detection under both fast and unconstrained inference
settings. Project page: https://github.com/WangYuLin-SEU/WAPR.
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1 Introduction

6D object pose estimation [18�20, 40] is a fundamental problem in computer
vision, with wide-ranging applications in augmented reality [29,43,58], robotics
[33,49,59,61], autonomous driving [22,55,62], and industrial automation [23,45].
Traditional pipelines typically combine 2D detection or segmentation [11,14,46,
50] with 6D pose estimation [48,51,52], followed by optional re�nement [30,60].
While e�ective for trained objects, their reliance on object-speci�c training limits
scalability in real-world deployments.
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Fig. 1: Visualization of multi-iteration re�nement for candidate poses with large an-
gular deviations. The example is from TUD-L [18], where the handheld object moves
continuously. With large deviations between the candidate pose and the ground-truth
pose, conventional small-angle re�ners often fail, whereas WAPR corrects the pose
through multi-iteration re�nement.

To improve scalability, unseen-object pose estimation [3, 37, 54] estimates
poses for novel objects from object models with minimal or no retraining. Re-
cent methods [3,36,37,39,63] commonly follow a candidate-based pipeline, where
coarse pose hypotheses are generated from rendered views or feature correspon-
dences and then re�ned or scored. This design makes candidate coverage and
re�nement range closely coupled. Using many candidates improves pose cover-
age but increases runtime, while sparse candidates are e�cient but may leave
larger angular deviations to the re�ner. As shown in Fig. 1, such deviations can
arise from coarse hypotheses, occlusion, and large viewpoint changes, motivating
a re�nement model that remains reliable across a wider angular range.

This paper introduces WAPR, a zero-shot foundation model for wide-angle
pose re�nement. WAPR follows the render-and-compare paradigm by comparing
a rendered RGB-D observation and mask under a candidate pose with the real
RGB-D input, and directly regresses rotation and translation updates. During
training, ground-truth poses are perturbed by up to 90◦, allowing WAPR to
learn pose updates over a wide angular range. At inference time, this wide-angle
re�nement capability enables accurate pose estimation with a small number of
candidates, including only 12 candidates in the fast setting.

Wide-angle training also makes pose ambiguity more prominent for rotation-
ally symmetric objects. Di�erent symmetry-equivalent poses may produce in-
distinguishable or nearly indistinguishable observations, and assigning arbitrary
raw rotation targets can make visually similar candidate�target pairs receive
inconsistent supervision. Following the common practice in 6D pose estimation
of treating symmetry-equivalent poses consistently [26, 48, 52, 57], WAPR uses
rotational symmetry priors to canonicalize symmetry-equivalent pose targets be-
fore loss computation. This makes wide-angle candidate�target pairs well-de�ned
during training.
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To support this training at scale, this paper constructs SA6D, a large-scale
6D dataset with rotational symmetry priors. Large-scale synthetic datasets for
unseen-object pose estimation [27,54] provide diverse object models and rendered
RGB-D supervision. SA6D complements this direction by adding dataset-level
rotational symmetry priors. It uses KASAL [53] to obtain reliable symmetry pri-
ors for 944 GSO [8] scans, and expands these annotated assets through geometry
and texture augmentation into ∼50K augmented object instances and 2M syn-
thetic RGB-D images. The training objective also includes an angle-balanced
loss, which reduces the dominance of low-correspondence large-error samples
during wide-angle optimization.

Experiments on seven core BOP datasets [1,7,9,17,18,24,57] evaluate WAPR
for zero-shot unseen-object 6D pose localization and detection. In the fast setting
(< 1 s per frame) with MUSE detections, WAPR reaches 80.6% AR / 78.6% AP,
improving over Co-op [37] by +4.7% AR / +9.3% AP. With Co-op's F3DT2D
detector under the same fast-inference protocol, WAPR obtains 78.1% AR /
76.5% AP, giving a matched-detector gain of +2.2% AR / +7.2% AP. In the
unconstrained multi-detector setting, WAPR reaches 84.5% AR / 85.3% AP,
improving over FreeZeV2 [3,4] by +1.2% AR / +2.0% AP.

The main contributions are as follows.

� This paper presents WAPR, a zero-shot foundation model for wide-angle
pose re�nement. With render-and-compare RGB-D inputs and iterative re-
�nement, WAPR handles rotational deviations up to 90◦ and enables accu-
rate pose estimation with sparse candidate poses.

� This paper constructs SA6D, a large-scale 6D dataset with rotational sym-
metry priors. SA6D uses a cost-e�cient KASAL-assisted strategy to expand
944 annotated GSO scans into ∼50K augmented object instances and 2M
synthetic RGB-D images.

� This paper develops wide-angle training and sparse candidate-based infer-
ence for unseen-object pose estimation. Rotational symmetry priors canon-
icalize ambiguous training pairs, angle-balanced loss stabilizes wide-angle
learning, and score-based selection produces accurate �nal poses from a small
candidate set.

2 Related Works

This section reviews 6D pose estimation for seen objects [12, 13, 21, 34, 48, 56],
unseen-object 6D pose estimation [3, 27, 32, 36, 37, 54], and symmetry handling
in 6D pose learning and evaluation.

2.1 6D Pose Estimation for Seen Objects

Seen-object 6D pose estimation assumes that training data are available for each
target object. Early methods directly regress object rotation and translation
from RGB or RGB-D observations [2, 57]. Later methods improve robustness
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by predicting keypoints or dense surface coordinates and recovering the pose
with PnP [16,28,31,42,44,52]. This correspondence-based formulation provides
explicit 2D�3D constraints and is e�ective under partial occlusion.

Pose re�nement further improves accuracy by aligning rendered observations
with real images. Representative methods such as DeepIM [30] and DPOD [60]
re�ne an initial pose by comparing rendered and observed images. Recent meth-
ods such as GDR-Net [51] and ZebraPose [48] combine detection, dense corre-
spondence prediction, PnP, and optional re�nement to achieve strong perfor-
mance on trained objects. These object-speci�c pipelines provide the basis for
many recent unseen-object methods, while scalable deployment to newly intro-
duced objects motivates methods that reduce object-speci�c training.

2.2 6D Pose Estimation for Unseen Objects

Unseen-object 6D pose estimation estimates poses for novel objects from object
models with minimal or no object-speci�c retraining. MegaPose [27] trains large-
scale render-and-compare models on synthetic data and demonstrates strong
generalization to unseen objects. FoundationPose [54] combines pose initializa-
tion, iterative re�nement, and pose scoring in a uni�ed framework. SAM-6D [32]
and CNOS [38] use large visual models for zero-shot object localization and seg-
mentation. Recent methods including FreeZe [3], GenFlow [36], FoundPose [63],
GigaPose [39], and Co-op [37] improve di�erent stages of the pipeline, including
object detection, coarse pose retrieval, feature matching, re�nement, and pose
selection.

Most unseen-object pipelines generate candidate poses from rendered tem-
plates or correspondence matching, re�ne these candidates, and then select the
�nal pose. This design makes candidate coverage and inference e�ciency closely
connected. Dense candidate sampling improves pose coverage but increases run-
time, while sparse candidates are more e�cient but place higher demand on
the re�nement stage. Many existing re�nement modules are most e�ective when
the initial hypothesis is already close to the target pose. WAPR targets the
complementary wide-angle regime, where sparse candidates leave larger residual
deviations for the re�ner.

2.3 Symmetry Handling in 6D Pose Learning and Evaluation

Object symmetry is a long-standing issue in 6D pose estimation because mul-
tiple poses may correspond to the same or nearly the same visual observation.
Benchmarks and evaluation protocols therefore use symmetry-aware pose met-
rics to avoid penalizing equivalent poses [19]. Learning-based methods also in-
corporate symmetry into supervision. PoseCNN [57] introduces the ShapeMatch
loss to make pose learning invariant to indistinguishable symmetric poses, while
CosyPose [26] uses symmetry-aware pose objectives for object-speci�c pose es-
timation. Coordinate-based methods such as ZebraPose [48] and HccePose [52]
also rely on symmetry-consistent de�nitions for learning or evaluation.
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Fig. 2: Overview of the proposed framework. Top: SA6D constructs large-scale RGB-
D training data with KASAL-assisted rotational symmetry priors. These priors are
used to canonicalize symmetry-equivalent training pairs. Bottom: WAPR re�nes sparse
candidate poses by comparing real and rendered RGB-D observations with masks.
The re�ned candidates are selected by a score-based pose selection module, enabling
accurate 6D pose estimation under large initial misalignments of up to 90◦.

These works establish symmetry-consistent supervision as a standard princi-
ple in 6D pose estimation. Beyond loss design and evaluation, rotational symme-
try priors are also useful as dataset-level annotations when synthetic pose pairs
are generated for training. For wide-angle re�nement, candidate and target poses
may span symmetry-equivalent pose regions, and such pairs should receive con-
sistent pose-update targets. Large-scale synthetic datasets have mainly focused
on object diversity, rendering realism, and scalable pose supervision [27, 54].
SA6D complements this direction by adding KASAL-assisted rotational sym-
metry priors at scale and using them to canonicalize synthetic candidate�target
pose pairs before training.

3 Methodology

Figure 2 summarizes the proposed framework. It consists of two connected parts.
First, SA6D provides large-scale synthetic RGB-D training data with rotational
symmetry priors. These priors are used to canonicalize symmetry-equivalent
candidate�target pose pairs before training, so that wide-angle pose updates are
well-de�ned for rotationally symmetric objects. Second, WAPR learns a render-
and-compare re�nement model that predicts rotation and translation updates
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Fig. 3: Large-scale construction of SA6D with rotational symmetry priors. KASAL-
assisted annotation provides texture-aware and geometry-only priors for the original
GSO scans. Geometry scaling and texture randomization reuse these priors to gener-
ate ∼20K non-symmetric and ∼30K rotationally symmetric augmented instances, and
BlenderProc [6] renders ∼2M synthetic RGB-D images for training.

from paired real/rendered RGB-D observations and masks. An angle-balanced
loss further stabilizes training over a wide range of pose deviations, and sparse
candidate generation enables e�cient inference with only 12 or 24 candidates.

3.1 Symmetry-Aware 6D Dataset (SA6D)

SA6D is designed to train WAPR with synthetic RGB-D pairs whose pose targets
remain consistent under rotational symmetry. It starts from 944 GSO scans [8],
obtains KASAL-assisted rotational symmetry priors for these scans, and expands
them through geometry and texture augmentation into ∼50K augmented object
instances, including ∼30K rotationally symmetric instances. BlenderProc [6] is
then used to render ∼2M synthetic RGB-D images.

Object Collection and Symmetry Augmentation

The construction of SA6D starts from the original GSO scans. For each scan, hu-
man annotators specify the rotational symmetry type and order, and KASAL [53]
localizes the corresponding symmetry-axis direction and center. The annotated
scans are then expanded into augmented instances by geometry scaling and
texture randomization, while reusing the corresponding symmetry priors. This
avoids repeatedly annotating each augmented instance.

SA6D uses two types of texture augmentation. The �rst modi�es the tex-
ture while preserving the original texture-aware rotational symmetry prior, as
illustrated by the disc in Fig. 3. The second replaces the texture with a uniform
color, which removes texture-induced asymmetries and makes the augmented
instance follow the geometry-only rotational symmetry prior, as shown by the
carton in Fig. 3. Thus, each original scan is associated with both a texture-aware
prior and a geometry-only prior. These priors are used in the o�ine canonical-
ization procedure described below to generate ambiguity-free candidate�target
pose pairs for WAPR training.
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Fig. 4: Rotational symmetry ambiguity in wide-angle training. The candidate and
target views can have a large raw rotation gap, while their visible di�erence may be
limited to subtle local texture details, as shown by the zoomed regions. With rotational
symmetry priors, such pairs are treated as symmetry-equivalent and canonicalized to
the same supervision before loss computation.

Symmetry Disambiguation

To train WAPR, candidate poses are simulated by applying random rotations
and translations to ground-truth poses in SA6D. For rotationally symmetric
objects, multiple symmetry-equivalent poses may be visually valid for the same
training pair. Directly using the raw perturbed rotation can therefore assign
inconsistent pose-update targets to visually similar candidate�target pairs, as
illustrated in Fig. 4. SA6D resolves this ambiguity by applying an o�ine min-
over-symmetry canonicalization before loss computation. The procedure selects
a canonical representative from the symmetry-equivalent poses, making the pose
update used for training unique and prediction-independent.

Given a ground-truth pose, a set of augmented poses Paug is generated by
applying random perturbations to both rotation and translation:

Paug = {(Rj , tj) | j = 1, 2, . . . ,M} (1)

Each object is aligned so that its rotational symmetry center coincides with
the origin, allowing symmetry transformations to be represented as pure rota-
tions. For an object with n-fold discrete rotational symmetry, the symmetry
group is represented by n rotation matrices. For continuous rotational symme-
try, the symmetry orbit is discretized into 360 uniformly spaced rotations, which
bounds the angular quantization error by 0.5◦. The symmetry-consistent rota-
tion set is

Rsym = {Rk ∈ SO(3) | k = 1, 2, . . . ,K } (2)

where each Rk represents a valid rotational symmetry of the object.
For each augmented pose (Rj , tj), symmetry-extended variants are con-

structed as:

P(j)
sym = {(RjRk, tj) | Rk ∈ Rsym} (3)
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A canonical representative is selected by choosing the variant with the small-
est rotation from the identity:

(R∗
j , t

∗
j ) = argmin

(R,t)∈P(j)
sym

∥R− I∥2 (4)

The selected pose (R∗
j , t

∗
j ) is used as the �nal augmented candidate pose

for training. The target pose is canonicalized under the same symmetry prior,
yielding a consistent candidate�target pair with a unique rotation update for
training. This canonicalization is performed when constructing SA6D training
pairs and does not depend on the network prediction.

Segmentation Mask Generation

WAPR also needs mask inputs during training. Instead of using perfect synthetic
masks, which are cleaner than inference-time masks, SA6D generates training
masks with a large-scale segmentation model such as SAM [25]. For each training
sample, SAM produces candidate masks S = {Si}Ni=1. Masks whose intersection-
over-union (IoU) with the ground-truth mask G exceeds 0.5 are kept:

Q = {i | IoU(Si, G) > 0.5} (5)

If Q is non-empty, one mask is randomly sampled for training; otherwise,
a blank mask is used. Together, symmetry-prior canonicalization and SAM-
generated masks provide WAPR with well-de�ned pose targets and realistic mask
inputs for wide-angle re�nement training.

3.2 Wide-angle Pose Re�nement

Neural Network

Given a candidate pose and its canonicalized target pose from SA6D, WAPR
learns to predict the pose update by comparing two RGB-D observations. One
branch takes the observed RGB-D crop and mask, which corresponds to a PBR-
rendered sample during training and a real sensor observation during inference.
The other branch takes the rendered RGB-D image and mask generated under
the candidate pose. Two shared-weight ResNet layers based on BasicBlock-style
residual units extract paired feature maps from the two branches.

The paired feature maps are concatenated and augmented with positional
encodings. A two-layer Transformer encoder models global interactions in the
fused representation, as illustrated in Fig. 2. Two independent one-layer Trans-
former encoders then produce separate representations for rotation and transla-
tion. Each branch applies attention-based pooling and a linear layer to regress
the corresponding pose update.

Rotation updates are parameterized as 3D rotation vectors and converted
to rotation matrices in SO(3) before being applied to candidate poses. For a
candidate pose (Ri, ti), the network predicts a rotation vector ∆r̃i ∈ R3 and a
translation o�set ∆t̃i ∈ R3.
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WAPR is trained and applied iteratively. During training, candidate poses
are generated by perturbing the ground-truth poses with rotational deviations
up to 90◦. After each iteration, the predicted rotation and translation updates
are applied to the current candidate pose, and the updated pose is used to re-
render the input for the next iteration. The rotation and translation are updated
by

R̃i = Rot(∆r̃i)Ri (6)

t̃i = ∆t̃i + ti (7)

where Rot(·) maps a 3D rotation vector to a rotation matrix in SO(3).
The 90◦ perturbation range is used as a practical wide-angle training range

for render-and-compare re�nement. As analyzed in the supplementary material,
the Visual Correspondence Ratio (VCR) between the candidate and target views
decreases with angular deviation, and very low-VCR pairs provide limited shared
visual evidence for learning reliable updates. Perturbations far beyond 90◦, es-
pecially near 180◦, also make training convergence less stable. Therefore, 90◦

provides a wide yet learnable range for WAPR training.

Angle-Balanced Loss

Wide-angle training contains both easy local re�nements and hard large-error
pairs. When the rendered and observed views have limited overlap, high-error
samples can dominate the gradients while providing little useful correspondence.
WAPR therefore uses an angle-balanced loss to emphasize learnable wide-angle
cases and down-weight uninformative large-error samples. The prediction error
of each sample is measured in rotation-vector space as the L1 residual magnitude
between the predicted and target rotation-update vectors:

θi = ∥∆r̃i −∆ri∥1 (8)

Based on θi, a dynamic weight wi is assigned to each training sample:

wi = exp (σ ·min {θi, τ − θi}) (9)

where τ is empirically set to 0.25π. Samples with rotation-vector residuals below
τ are treated as learnable wide-angle cases and receive larger weights, while sam-
ples with little overlap often yield θi > τ and are down-weighted. The coe�cient
σ controls the suppression strength and is set to 3.

The �nal angle-balanced loss is then formulated as:

L = α ·
B ·

B∑
i=1

wi · |∆r̃i −∆ri|

B∑
i=1

wi

+ β ·
B∑
i=1

∣∣∆t̃i −∆ti
∣∣ (10)

where B denotes the number of samples in the mini-batch, α and β are the
balancing coe�cients for the rotational and translational losses, respectively,
and |·| denotes the L1 loss. We set α = 3 and β = 1.



10 Y. Wang et al.

Inference Pipeline

WAPR's wide-angle re�nement ability allows the inference pipeline to use a
sparse set of candidate poses. Given a 2D bounding box and mask, candidate
poses are generated by combining a small set of viewing directions with evenly
spaced in-plane rotations. In the fast setting, 12 candidates are formed by pairing
the 4 viewing directions de�ned by the vertices of a regular tetrahedron with 3
in-plane rotations. In the unconstrained setting, 24 candidates are formed by
pairing the 8 viewing directions de�ned by the vertices of a regular cube with
the same 3 in-plane rotations.

For each candidate, WAPR pairs the cropped RGB-D image and mask with
rendered RGB-D and mask images generated under the candidate pose. In the
unconstrained setting, all 24 candidates are re�ned for �ve rounds with re-
rendered inputs at each round. In the fast setting, WAPR uses the two-stage
schedule described in the supplementary material: all 12 candidates are �rst
re�ned for two rounds and scored, after which only the top-4 candidates are
re�ned for three additional rounds. Among the re�ned candidates, the pose with
the highest con�dence score predicted by the ScoreNet module of Foundation-
Pose [54] is selected as the �nal result.

4 Experiments

This section evaluates WAPR through ablation studies and comparisons with
state-of-the-art methods [3, 4, 37]. We �rst describe the experimental setup in
Sec. 4.1, then analyze the main design choices in Sec. 4.2, and �nally report
BOP localization and detection results in Sec. 4.3.

4.1 Experimental setup

Network Settings

Both input branches of WAPR use a �xed resolution of 160× 160. Each branch
extracts features with a shared-weight encoder composed of a 7× 7 convolution,
a 3× 3 convolution, and two ResNet basic blocks with 128 channels. The paired
features are concatenated and processed by a fusion stage with 256- and 512-
channel ResNet blocks, yielding a 512-dimensional fused feature representation.
The Transformer encoder and attention-based pooling module both use four
attention heads and a feed-forward dimension of 512. WAPR is trained for 800K
iterations using Adam with a learning rate of 0.0002 and a batch size of 256.
Each iteration samples RGB-D pairs from a single object category. Candidate
poses are generated with translation o�sets up to 50% of the object diameter
and rotational deviations up to 90◦, followed by �ve-step iterative re�nement.

Datasets & Metrics

The experiments follow the BOP 2024 single-view model-based unseen-object
protocol, where comparable baselines and default 2D detections are available. We
evaluate on seven BOP-Classic-Core datasets: LM-O [1], T-LESS [17], ITODD
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Table 1: Analysis of candidate-pose coverage on IC-BIN. IC-BIN contains multiple
identical objects in cluttered bin-like scenes, making it sensitive to the coverage of initial
pose hypotheses. It is therefore used as a representative stress test for evaluating the
number of candidate poses. �Num� denotes the number of candidate poses. Results are
reported in AP for MSSD and MSPD, together with their mean.

Num 4 8 12 24 40 60

MSSD 59.6 67.3 71.4 71.9 72.8 73.3

MSPD 54.2 63.1 68.9 69.8 70.4 70.9

Mean 56.9 65.2 70.1 70.9 71.6 72.1

[9], HB [24], YCB-V [57], IC-BIN [7], and TUD-L [18]. Following the BOP pro-
tocol [19,20], we use the average of VSD, MSSD, and MSPD as the BOP score.
We report average recall (AR) for 6D localization and average precision (AP)
for 6D detection.

Fast inference

For fast inference, WAPR uses the 12-candidate tetrahedron setting described
in Sec. 3.2. For each MUSE detection, the associated SAM-based mask is used
to estimate the initial translation by a depth-weighted average within the mask
and the depth map. Detections are �ltered using MUSE-predicted object labels
and con�dence scores with a threshold of 0.35. On an RTX 5090 system, this
setting estimates poses for up to 25 detected object instances per second using
the two-stage re�nement and scoring schedule described in the supplementary
material.

Unconstrained inference

When inference time is not constrained, WAPR uses the 24-candidate cube set-
ting described in Sec. 3.2. When multiple 2D detectors are used, their detections
are merged and NMS is applied to remove redundant boxes. For each retained
detection, all category�detection�candidate combinations are evaluated without
applying the con�dence threshold used in the fast setting.

4.2 Ablation Study on Pose Re�nement

This section analyzes the main factors a�ecting wide-angle pose re�nement, in-
cluding candidate-pose coverage, training inputs, symmetry priors, SA6D, angle-
balanced optimization, network architecture, and plug-in re�nement. The abla-
tions in Table 2 are conducted on three representative datasets for controlled
component analysis, while the �nal all-seven-dataset evaluation is reported in
Table 4.

Number of Candidate Poses

Table 1 studies how candidate-pose coverage a�ects WAPR on IC-BIN. Increas-
ing the number of candidates improves the chance that at least one hypothesis
falls within the e�ective re�nement range. The gain is large when increasing
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Table 2: Ablations of WAPR components on BOP detection AP. Results are reported
as AP for MSSD and MSPD on three representative datasets, together with their
mean. IC-BIN, TUD-L, and LM-O are selected to cover crowded multi-instance scenes,
large object motion and viewpoint variation, and heavy occlusion, respectively. �w/o�
denotes �without.� �WAPR (±90◦)� is trained with candidate poses obtained by ran-
domly perturbing the ground-truth pose within ±90◦.

Row Method
IC-BIN [7] TUD-L [18] LM-O [1]

Mean
MSSD MSPD MSSD MSPD MSSD MSPD

A0 WAPR(±90°) 71.9 69.8 96.0 95.4 77.0 80.7 81.8

B0 WAPR(±20°) 61.5 58.0 77.4 76.5 68.0 71.0 68.7
B1 WAPR(±40°) 69.9 67.1 95.0 94.7 74.4 77.8 79.8
B2 WAPR(±60°) 71.7 68.9 95.6 95.1 74.9 78.3 80.8
B3 WAPR(±140°) 70.6 68.1 95.5 95.0 74.4 77.7 80.2
B4 WAPR(±180°) 63.3 60.2 89.6 89.2 72.9 76.2 75.2

C0 A0 + w/o mask input 71.0 68.5 95.2 94.9 75.6 78.9 80.7
C1 A0 + train with GT mask 61.8 59.4 94.3 93.9 73.9 77.2 76.8

D0 A0 + w/o sym prior 70.8 68.4 93.6 92.6 75.8 79.4 80.1
D1 A0 + w/o angle-balanced Loss 69.8 67.3 91.9 91.1 72.8 76.5 78.2
D2 D1 + w/o sym prior 61.8 58.0 91.0 91.0 69.3 73.0 74.0
D3 A0 on GSO PBR (w/o SA6D) 64.8 62.2 92.0 91.1 71.5 74.7 76.1
D4 D0 on GSO PBR (w/o SA6D) 63.9 61.1 90.6 89.7 69.3 72.6 74.5

E0 A0 + w avg pool 71.5 68.8 95.5 95.3 75.5 78.8 80.9
E1 E0 + w/o transformer 70.9 68.5 95.3 94.9 74.3 77.7 80.3

Row Method
IC-BIN TUD-L LM-O

Mean Time/s
MSSD MSPD MSSD MSPD MSSD MSPD

F0 FreeZeV2 [3,4] 73.4 70.6 98.6 99.1 78.5 81.9 83.7 27.8
F1 F0 + C0 74.9 72.4 98.7 98.9 78.6 82.1 84.3 27.8 (+0.54)

F2 GigaPose [39]+GenFlow [36] 42.0 38.4 71.4 71.7 56.1 59.5 56.5 4.5
F3 F2+C0 43.4 40.0 72.7 73.0 57.3 60.2 57.8 4.5 (+0.37)

from 4 to 12 candidates, where the mean AP improves from 56.9% to 70.1%.
Further increasing the number to 24, 40, or 60 provides smaller gains, indicating
that 12 candidates already provide a strong accuracy�e�ciency trade-o� for the
fast setting, while 24 candidates are used in the unconstrained setting for higher
coverage.

Angle Range for Training

Rows B0�B4 in Table 2 evaluate the rotation range used to generate candidate
poses during training. Small perturbation ranges such as ±20◦ provide insuf-
�cient coverage for wide-angle errors, while overly large ranges such as ±180◦

introduce many low-correspondence samples and make optimization less stable.
The ±90◦ setting achieves the best overall performance, consistent with the VCR
and training-convergence analysis discussed in Sec. 3.2.

Mask Input Rows C0 and C1 evaluate the role of mask inputs. Removing the
mask slightly degrades performance, showing that masks provide useful object-
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region guidance during render-and-compare re�nement. Training with perfect
ground-truth masks leads to a larger drop, since such masks di�er from the
predicted masks used at inference time. SAM-generated masks therefore provide
a more realistic training signal for WAPR.

Rotational Symmetry Priors and SA6D Dataset Rows D0�D4 evalu-
ate symmetry priors and SA6D through controlled comparisons. Rows D1 and
D2 isolate the e�ect of rotational symmetry priors without angle-balanced loss,
where adding the priors improves AP by 4.2%. Rows A0 and D0 show the e�ect
when angle-balanced loss is used, where the priors improve AP by 1.7%. Rows
D3 and D4 train the corresponding con�gurations on original GSO PBR data
without SA6D augmentation. Compared with these GSO-PBR counterparts, A0
and D0 improve AP by 5.7% and 5.6%, respectively, showing the bene�t of SA6D
training data under matched model con�gurations.

Angle-Balanced Loss Function Rows D0�D2 analyze angle-balanced opti-
mization. Compared with D2, which uses neither angle-balanced loss nor symme-
try priors, D0 improves AP by 6.1%, showing that angle-balanced loss stabilizes
wide-angle training. Combining angle-balanced loss with symmetry priors fur-
ther improves performance, with A0 outperforming D2 by 7.8%.

Network Architecture Rows E0 and E1 ablate the feature aggregation mod-
ules. Replacing attention-based pooling with average pooling reduces AP by
0.9%, and further removing the Transformer encoder causes an additional 0.6%
drop, resulting in a total 1.5% drop from A0. These results indicate that global
feature interaction and attention-based aggregation are both useful for wide-
angle render-and-compare re�nement.

Plug-in Re�nement Rows F0�F3 evaluate the mask-free WAPR variant C0 as
a plug-in re�ner for existing pose estimators. When applied to FreeZeV2 poses,
C0 improves AP by 0.6% with a 0.54 s per-image overhead on top of FreeZeV2's
27.8 s runtime. When applied to GigaPose+GenFlow poses, C0 improves AP by
1.3% with 0.37 s additional time. These results show that WAPR-style wide-
angle re�nement can further improve strong existing estimators, although the
remaining gain is naturally smaller when the initial estimates are already strong.

Comparison with Re�nement Baselines Table 3 compares WAPR with
representative RGB-D re�nement baselines on LM-O and YCB-V. This com-
parison complements the full-pipeline BOP evaluation in Table 4 by fo-
cusing on re�nement behavior under comparable settings. Compared with
OSOP+ICP, WAPR is 4× faster and improves mean AR by 29.7%; compared
with PPF/SIFT+Zephyr, it improves AR by 26.7%. Under the same hypoth-
esis setting, replacing WAPR with ICP reduces AR by 54.2%, re�ecting the
sensitivity of ICP to large hypothesis errors. Compared with FoundationPose,
which uses small-angle re�nement with a maximum correction of 22.5◦, WAPR
improves AR by 8.3%.
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Table 3: Comparison with representative RGB-D re�nement baselines on LM-O and
YCB-V, where comparable prior-re�nement results are available. The last three rows
use MUSE detections and 12 hypotheses per instance.

Method LM-O YCB-V Mean Time (s/img)

OSOP [47] + ICP 48.2 57.2 52.7 4
(PPF [10], SIFT) + Zephyr [41] 59.8 51.6 55.7 �
MegaPose-RGBD [27] 58.3 63.3 60.8 �

FoundationPose [54] (MUSE) + 12 hypotheses 67.4 80.8 74.1 �
ICP (MUSE) + 12 hypotheses 26.6 29.7 28.2 35
WAPR (MUSE) + 12 hypotheses 75.5 89.3 82.4 1

Table 4: Comparison with SOTA methods on seven BOP-Classic-Core datasets for
6D localization (AR, top) and detection (AP, bottom). �2D Det.� reports the detector
or hypothesis source. WAPR is trained on SA6D, while other methods use original
training or released settings. �Multi-Det.� combines NIDS [35], MUSE [5], SAM6D [32],
and CNOS [38]. FP denotes FoundationPose [54]. �Time� reports per-image runtime,
and �*� marks proposed methods.

Model-based 6D localization of unseen objects � BOP-Classic-Core

Method 2D Det. LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Mean Time (s)

fa
st Co-op [37] F3DT2D 73.0 68.0 92.9 62.4 60.0 86.3 88.6 75.9 0.765

WAPR* F3DT2D 75.4 72.0 92.5 66.3 65.0 86.7 89.1 78.1 0.904
WAPR* MUSE 75.4 73.1 96.1 70.9 70.5 90.1 88.3 80.6 0.72

un
co

ns
tr
ai
ne

d

MegaPose [27] CNOS 62.6 48.7 85.1 46.7 46.8 73.0 76.4 62.8 141.965
Gen�ow [36] CNOS 67.8 55.6 81.1 56.3 57.5 79.1 82.5 68.6 11.14
SAM6D [32] SAM6D 69.9 51.5 90.4 58.8 60.2 77.6 84.5 70.4 4.367
FP [54] SAM6D 75.6 64.6 92.3 50.8 58.0 83.5 88.9 73.4 29.317
Co-op [37] F3DT2D 73.8 69.5 92.9 63.5 62.9 87.8 89.8 77.1 6.924
WAPR* CNOS 76.8 82.6 92.4 70.7 74.3 89.1 91.1 82.4 43.068

FreeZeV2 [3,4] Multi-Det. 77.7 79.9 97.5 71.1 75.4 89.5 91.8 83.3 21.709
WAPR* Multi-Det. 78.1 81.7 96.1 73.5 79.8 91 91.5 84.5 50.816

Model-based 6D detection of unseen objects � BOP-Classic-Core

Method 2D Det. LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Mean Time (s)

fa
st Co-op [37] F3DT2D 69.8 62.0 84.1 56.4 57.6 74.6 80.8 69.3 0.865

WAPR* F3DT2D 74.7 64.5 96.3 67.2 68.1 77.6 87.1 76.5 0.987
WAPR* MUSE 75.6 63.6 98.6 71.8 71.5 81.6 87.6 78.6 0.828

un
co

ns
tr
ai
ne

d Gen�ow [36] CNOS 59.7 56.5 68.8 43.9 42.5 70.7 60.7 57.5 15.486
Co-op [37] CNOS 68.3 59.6 80.8 46.9 56.0 74.3 78.2 66.3 2.202
WAPR* CNOS 78.8 82.9 95.7 70.9 77.6 86.3 91.1 83.3 43.068

FreeZeV2 [3,4] Multi-Det. 80.2 77.7 98.8 72.0 77.5 85.4 91.1 83.3 27.776
WAPR* Multi-Det. 80.7 82.5 98.7 75.0 82.2 88.7 89.6 85.3 50.816

4.3 BOP Results on 6D Localization and Detection

Table 4 compares WAPR with state-of-the-art methods on seven BOP-Classic-
Core datasets for 6D localization and detection. In the unconstrained Multi-Det.
setting, WAPR achieves 84.5% AR and 85.3% AP, improving over FreeZeV2 by
1.2% AR and 2.0% AP. This accuracy-oriented setting uses a larger candidate
budget and obtains higher mean accuracy with a longer per-image runtime. The
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fast setting reports the e�ciency-oriented operating point under the < 1 s per-
image budget.

In the fast setting, WAPR with MUSE detections achieves 80.6% AR and
78.6% AP, improving over Co-op by 4.7% AR and 9.3% AP. For a matched-
detector comparison, WAPR is also evaluated with the same F3DT2D detector
used by Co-op under the same fast-inference protocol. This variant achieves
78.1% AR and 76.5% AP, improving over Co-op by 2.2% AR and 7.2% AP.
These results show that the gain is preserved under the same detector, while the
MUSE-based variant gives the highest mean performance among the evaluated
fast-setting variants.

5 Conclusion

This paper presented WAPR, a zero-shot wide-angle pose re�nement model for
unseen-object 6D pose estimation. WAPR re�nes sparse candidate poses by com-
paring real and rendered RGB-D observations with masks, enabling accurate
pose estimation under large candidate-pose deviations. To support wide-angle
training, this paper further constructed SA6D, a large-scale synthetic RGB-D
dataset with KASAL-assisted rotational symmetry priors. These priors are used
to canonicalize symmetry-equivalent candidate�target pose pairs, while angle-
balanced loss stabilizes learning across di�erent angular ranges. Experiments
on seven BOP core datasets show that WAPR achieves strong performance in
both fast and unconstrained settings. These results demonstrate that wide-angle
re�nement, scalable training data with symmetry priors, and sparse candidate
evaluation provide an e�ective solution for unseen-object 6D pose estimation.
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