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Abstract

This paper studies category-level RGB-D object pose estimation, which recov-
ers an object’s 3D rotation and translation without instance-specific CAD mod-
els or reference views. This task is highly ambiguous due to intra-class varia-
tions, symmetries, and partial observations. Current solutions struggle to balance
reliability and efficiency: methods based on intermediate structures are prone
to error propagation, while diffusion models suffer from high inference latency
and complex post-hoc candidate extraction. To address this, we present F2G-
Pose, a real-time direct, single-pass framework that predicts category-level pose,
metric size, and camera-frame completed shape from a single RGB-D observa-
tion in one feed-forward pass. F2G-Pose lifts dense visual foundation features
to partial point clouds, encodes local geometry with DGCNN tokenization, and
integrates object-level structure with a Mixture-of-Experts Transformer. Joint
size prediction and camera-frame shape completion encourage metric consistency
through dense geometric supervision. With its task-specific network trained only
on pose-annotated synthetic SOPE data and its frozen RADIO backbone exter-
nally pretrained, F2G-Pose achieves state-of-the-art accuracy on SOPE and ROPE
while running at 28 FPS, and further demonstrates strong camera-frame geometry
on HouseCat6D and real-object transfer on HANDAL. Analyses of latency, ro-
bustness, stability, shape completion, and GenPose++ candidate behavior further
demonstrate the efficiency and reliability of F2G-Pose, with real-world manipu-
lation experiments demonstrating deployment potential under segmented RGB-D
inputs. The project page, code, and pretrained models will be made available at
https://jrryzh.github.io/F2G-Pose/.

1 Introduction
Category-level 6D object pose estimation recovers an object’s 3D rotation and translation without
requiring an instance-specific CAD model or reference views at test time. In practical RGB-D
perception, this estimate is often coupled with metric size and usable object geometry for benchmark
evaluation [8, 42, 51], physical interaction [5, 37, 38], and robotic control [13, 14, 23, 24, 44, 45].
This setting is inherently challenging because partial observations from a single crop or segmented
point cloud provide incomplete evidence: symmetries induce rotational ambiguity, occlusions hide
discriminative geometry, and intra-class variations alter shape, size, and appearance. Consequently,
category-level perception must produce reliable metric predictions from ambiguous, incomplete, and
noisy observations.
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Previous work has addressed this problem from two complementary directions. Deterministic
category-level methods estimate pose and size through canonical coordinates [42], correspon-
dences [2], shape priors [15], deformation models [39], alignment procedures [22], or direct regres-
sion [16, 26, 43]. While these methods enable efficient inference, reliance on intermediate structures
can lead to compounding errors. Under occlusion, missing depth, intra-class variation, and domain
shift, the final metric estimate can become sensitive to the reliability of these intermediate struc-
tures. Direct regression can avoid some post-hoc alignment steps, but reliable direct prediction still
requires representations that preserve local geometric cues and global object structure under partial
observations.

A complementary line of work models pose ambiguity explicitly. GenPose [50] and GenPose++ [51]
formulate category-level pose estimation as conditional pose distribution modeling, sampling mul-
tiple hypotheses and converting them into a prediction through scoring, filtering, clustering, or ag-
gregation. This is principled for uncertainty representation, but it introduces a candidate-to-decision
gap: deployed accuracy depends not only on the sampled hypotheses, but also on whether post-hoc
extraction can select or aggregate a reliable representative. Moreover, this conversion must oper-
ate under a practical inference budget as in Fig. 3, so sampling quality, candidate extraction, and
computational cost become coupled. Joint-RegDiff [19] and RFMPose [32] improve generative
pose inference through joint regression–diffusion learning with score-scaling sampling and Rieman-
nian flow-matching trajectories, respectively, but both still rely on iterative generative inference to
produce the prediction, so prediction quality remains coupled with sampling dynamics, candidate
extraction, and inference cost.

We introduce F2G-Pose, a direct RGB-D framework that jointly estimates category-level pose, size,
and camera-frame completed geometry in a single feed-forward pass. By leveraging geometry-aware
foundation feature lifting and dense geometric supervision, it bypasses intermediate canonical shape
alignment and avoids the sampling and candidate extraction used by sampling-based pose estimators.
Specifically, we lift dense visual foundation features [12] to the partial point cloud for semantic
cues, encode local geometry via DGCNN tokenization, and integrate object-level structure using
a Mixture-of-Experts Transformer that provides conditional capacity across diverse shape regimes.
Then, the pose-size head predicts the final metric estimate, while the shape head reconstructs camera-
frame geometry as both auxiliary supervision and a usable output. This joint design encourages
the shared representation to encode visible local evidence, object extent, and visible-to-complete
geometric structure for consistent direct prediction under partial observations.

To evaluate the effectiveness of this design, we train the task-specific network only on pose-
annotated synthetic data from 149 SOPE categories [51] and test on SOPE [51], ROPE [51], HAN-
DAL [9], and HouseCat6D [16]. These benchmarks cover synthetic benchmark accuracy, synthetic-
to-real transfer, additional real-object evaluation, and camera-frame shape reconstruction. F2G-Pose
achieves state-of-the-art accuracy while running at 28 FPS for pose inference. Beyond benchmark
accuracy, we evaluate latency, robustness to perturbations and occlusion, output stability, shape re-
construction, GenPose++ candidate behavior, and real-world robotic manipulation. These results
demonstrate the efficiency and reliability of direct feed-forward prediction, while robotic experi-
ments demonstrate deployment potential under segmented RGB-D inputs.

Contributions. Our contributions are threefold: (1) We present F2G-Pose, a real-time direct RGB-
D framework that predicts category-level 6D pose, metric size, and camera-frame completed shape
in a single feed-forward pass, sharing its representation across pose, size, and shape learning. (2)
We introduce geometry-aware foundation feature lifting to map dense visual features onto partial
point clouds, local geometry is encoded via DGCNN and integrated by a Mixture-of-Experts Trans-
former, while camera-frame shape completion provides dense geometric supervision for metric pre-
diction. (3) Extensive evaluations across synthetic benchmarks and real-world datasets demonstrate
that F2G-Pose achieves state-of-the-art accuracy, real-time inference, and high-quality shape com-
pletion. Furthermore, physical manipulation experiments validate its robustness, temporal stability,
and deployment feasibility under segmented RGB-D inputs.

2 Related work
Category-Level 6D Pose Estimation. Category-level methods aim to generalize pose estimation
across unseen object instances within a category [16, 42, 43]. Early works such as NOCS [42]
introduced the notion of canonical space to enable pose alignment without requiring CAD mod-
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els. Follow-up approaches [2, 22, 26, 50] leveraged point cloud geometry and symmetry-aware
losses to improve generalization. Some methods further incorporate shape-aware modeling [15, 39]
to jointly predict object size and shape. While these methods remove the need for object-specific
models, many rely on intermediate canonical coordinates, correspondences, deformation fields, or
shape priors whose reliability can degrade under occlusion, missing depth, and strong intra-category
variation. Recent works have attempted to scale category-level 6D learning using larger and more
diverse datasets [17, 53], making representation quality and inference efficiency increasingly im-
portant. Diffusion-based methods such as GenPose [50] and GenPose++ [51] model pose and size
as multi-modal distributions, but often rely on auxiliary scoring networks to filter outlier samples.
Joint-RegDiff [19] eliminates the need for such scoring networks through time-dependent score scal-
ing, and RFMPose [32] formulates generative category-level pose estimation with Riemannian flow
matching; however, both remain limited to 6D pose estimation and still require iterative generative
inference, which generally increases inference cost and can limit real-time throughput.

SecondPose [3] also combines foundation-model features with geometry for direct category-level
pose and size estimation through an SE(3)-consistent representation. F2G-Pose additionally predicts
complete camera-frame shape to provide dense supervision for the shared pose-size representation,
and uses MoE encoding to provide conditional capacity across diverse categories.

Instance-Level Novel Object Pose Estimation. Another line of work estimates pose for novel
object instances using CAD models [18, 30], single-view references, or multi-view references [10,
20, 27]. They often reconstruct object geometry, either explicitly via 3D modeling [21, 28] or
implicitly through image-based retrieval [11, 29]. FoundationPose [46] supports either CAD or ref-
erence images, combining model-based and model-free paradigms. Recent foundation reconstruc-
tion models such as SAM 3D [35] reconstruct object geometry, texture, and layout from masked
single images, targeting image-to-3D asset reconstruction in natural scenes. Together, these meth-
ods broaden object-centric 3D perception, but generally target instance-specific reconstruction or
reference-conditioned alignment rather than category-level pose-size estimation under a fixed taxon-
omy. F2G-Pose targets this complementary category-level setting: it uses category-level canonical
supervision during training, but requires only a segmented RGB-D observation at inference time for
the evaluated taxonomy.

3 Method
Problem Formulation and Overview Given an RGB image crop I ∈ RH×W×3 and a segmented
partial point cloud P ∈ RN×3, F2G-Pose predicts the object’s 6D pose T = (R, t) ∈ SE(3),
metric size s ∈ R3, and completed camera-frame shape Pdense ∈ RNd×3 in a single feed-forward
pass, without requiring instance-specific CAD models, reference images, or explicit category labels.
Here, R ∈ SO(3) and t ∈ R3 denote the object rotation and translation, respectively.

The framework directly predicts the outputs, avoiding the test-time sampling and candidate extrac-
tion of sampling-based estimators, as shown in Fig. 1. Instead, it lifts dense visual foundation fea-
tures onto observed 3D points, encodes local geometric structure with DGCNN, aggregates object-
level context with a MoE Transformer, and uses parallel decoder branches for pose-size prediction
and camera-frame shape completion. The pose-size branch directly outputs the metric object state
used for evaluation and downstream applications, while the shape branch provides dense geometric
supervision for the shared RGB-D representation and produces approximate completed geometry in
the camera frame.

3.1 Geometry-Aware Foundation Feature Lifting
F2G-Pose uses RADIOv2.5 [12] to provide dense visual evidence for the partial RGB-D observa-
tion. RADIOv2.5 distills complementary 2D vision models [6, 31, 33, 34], combining dense feature
extraction from SAM [34] with semantic features from DINOv2 [31]. Prior work has shown that
DINOv2-style local features can support pose-consistent correspondences across object appearance
and shape variation [52, 54]. We use these features not as a standalone image prior, but as point-
wise appearance and semantic cues attached to metric 3D observations. Given an RGB image patch
I ∈ RH×W×3, we utilize the RADIOv2.5 encoder ERADIO(·) to extract enriched semantic feature
maps Frgb ∈ Rh×w×1024. Following [12], this is achieved by concatenating outputs from selected
transformer layers, formulated as Frgb = Concat

(
ERADIO(I)i

)
for i ∈ {8, 16, 23}.
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Figure 1: F2G-Pose Overview. Given a cropped RGB image and segmented partial point cloud, F2G-Pose
extracts dense RADIOv2.5 features [12] and lifts them onto 3D points by projection. DGCNN tokenization
produces fused RGB-D object tokens, and a MoE Transformer encodes a global object representation. Two
parallel decoder branches directly predict (i) 6D pose and metric size and (ii) camera-frame completed shape
through coarse-to-fine refinement. The pipeline produces a pose-size-shape estimate in one feed-forward pass.

We then lift the dense image features onto the partial point cloud. For each point Pi, we obtain its
corresponding visual feature fi = Bilinear(Frgb, π(Pi)) by projecting it to the image plane via the
camera projection π(·). Following the point-wise fusion spirit of DenseFusion [41], we concatenate
each 3D point with its lifted visual feature (denoted by ⊙) and process the fused point set with a
Dynamic Graph Convolutional Neural Network (DGCNN) encoder EGCN(·). This yields the fused
embedding Ffuse = EGCN({Pi ⊙ fi}Ni=1) ∈ Rn×d, which serves as local geometry-aware input
tokens for the Transformer encoder, where n = 128 and d = 256 denote the number of tokens and
the embedding dimension, respectively.

3.2 MoE-Based Object Encoding

The DGCNN tokens encode local surface neighborhoods and point-wise visual cues. We process
these tokens with a stack of Transformer blocks with multi-head self-attention [40], following the use
of Transformers for point cloud completion and geometry modeling [48, 49]. This stage integrates
local evidence across the object crop to form an object-level representation for metric prediction.

To increase representation capacity with limited per-token computation, we replace the standard
feed-forward layers in each Transformer block with Mixture-of-Experts (MoE) layers [4, 7, 25].
Each MoE layer contains an independent set of experts and uses a linear gating network to compute
softmax-normalized logits over n = 8 experts. For each token, we select the top-2 experts according
to the gating scores, route the token to these experts, and aggregate their outputs weighted by the
normalized gating values. Following standard MoE designs [36], we add noise to the gating function
to improve load balancing across experts. Finally, the encoded tokens are aggregated by global
pooling to produce a compact object representation for direct 6D pose, size, and shape prediction.

3.3 Direct Pose-Size and Shape Decoding

F2G-Pose uses two lightweight decoding branches on top of the shared object representation. The
pose-size branch predicts the metric state directly, while the shape branch predicts complete geom-
etry in the camera frame. Both branches are trained jointly, so dense geometric supervision can
regularize the representation used for direct pose and size prediction without adding any test-time
optimization or candidate extraction.

Pose and Size Estimation. The pose-size branch regresses rotation, translation, and metric size
directly from the global object representation. For rotation, we adopt the continuous 6D represen-
tation [56], which uses the first two columns of the rotation matrix R ∈ SO(3) and reconstructs
a valid matrix via orthogonalization. This parameterization improves optimization stability while
keeping the prediction deterministic and feed-forward. The branch outputs the final pose-size esti-
mate directly, without sampling pose candidates or applying post-hoc aggregation.
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Camera-Frame Shape Completion. From the extracted global feature vector, we first regress a
coarse complete object shape Pcoarse ∈ R512×3 using a lightweight MLP. Since the input partial point
cloud P contains observed metric geometry, we concatenate Pcoarse with P to form a combined point
set, which is then processed through another MLP with a Sigmoid activation to produce a confidence
score for each point. This selects reliable points for fusion, producing the refined fused point cloud
Pfuse ∈ R512×3. Finally, each point in Pfuse is augmented with the global feature vector and passed
through a final MLP to regress the dense point cloud Pdense ∈ R2048×3. The shape is reconstructed
directly in the camera frame, providing a geometry output and a dense auxiliary signal for learning
metric-consistent object representations.

3.4 Training Objectives
Pose and Size Regression Loss. We supervise pose and size with Smooth L1 losses. For rota-
tion, we account for object symmetries following the benchmark treatment in [51], so symmetry-
equivalent rotations are treated as valid targets rather than arbitrary errors. Specifically, for each
axis, an object’s symmetry is categorized as no symmetry, 90-degree rotational symmetry, 180-
degree rotational symmetry, or arbitrary-angle rotational symmetry. Based on this classification, we
generate a set of valid ground-truth rotation matrices and compare the predicted rotation against all
candidates. The loss is computed with respect to the closest ground-truth rotation. The pose and
size estimation losses are defined as:

Lrot = min
Rgt

i ∈GR

SmoothL1(R1,2, (R
gt
i )1,2), (1)

Ltrans = SmoothL1(t, tgt), (2)

Lsize = SmoothL1(s, sgt). (3)
where R, t, s denote the predicted rotation matrix, translation, and size respectively, tgt, sgt are the
corresponding ground truth values. R1,2 denotes the first two columns of R. GR = {Rgt

i | i ∈
{1, 2, . . . ,M}} is the set of symmetric-equivalent ground truth rotation matrices, where M denotes
the total number of valid rotations derived from the object’s symmetry type. The predicted rotation
is compared against each candidate in GR, and the loss is computed using the closest match.

Reconstruction Loss. For camera-frame shape completion, we adopt the Chamfer Distance with L1
norm, following [48], to supervise both the coarse and dense point cloud outputs. Specifically, we
define two reconstruction losses: one for the coarse predicted point cloud Pcoarse and another for the
final dense reconstruction Pdense. The Chamfer Distance measures the average closest-point distance
between the predicted and ground-truth point sets, encouraging accurate geometry at different stages
of the pipeline.

The reconstruction losses are formulated as follows:
Lrecon = Chamfer(Pcoarse,P

gt
coarse) + Chamfer(Pdense,P

gt
dense). (4)

Here, Pgt
{·} denotes the ground truth complete point cloud. These losses jointly guide the model to

generate increasingly accurate shapes from coarse to fine resolution.

MoE Balancing Loss. To encourage balanced expert usage in the MoE layers, we incorporate a load-
balancing auxiliary loss, following the Switch Transformer design [7]. For each MoE layer with Ne

experts, the gating network produces a probability distribution over the experts. The auxiliary loss
Laux is defined to encourage a uniform distribution of tokens across experts:

Laux =
1

L

L∑
l=1

(
Ne ·

Ne∑
i=1

f
(l)
i · P (l)

i

)
, (5)

where L is the number of MoE layers, f (l)
i represents the fraction of tokens dispatched to expert i in

layer l, and P
(l)
i is the average gating probability for that expert. In our implementation, we employ

a soft variant of this loss by utilizing the continuous gating probabilities to facilitate stable gradient
flow.

All Losses. Our final objective integrates direct pose-size prediction, camera-frame shape comple-
tion, and MoE load balancing:

L = Lrecon + Lrot + Ltrans + Lsize + λLaux, (6)
where λ is a balancing coefficient. In practice, we set λ = 0.01.
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Table 1: Category-level pose-size estimation on ROPE and SOPE under the shared SOPE/ROPE category
taxonomy. ‘–’ indicates unavailable or non-hardware-normalized metrics. Joint-RegDiff and RFMPose are
report-only comparisons from their papers. * indicates our pose-only inference mode (shape head disabled);
the full model runs at 23.7 FPS including shape completion.

Dataset Method AUC ↑ VUS ↑ Mean error ↓ FPS ↑IoU25 IoU50 IoU75 5◦2cm 5◦5cm 10◦2cm 10◦5cm rot(◦) trans(cm)

ROPE

NOCS [42] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 – – 5
SGPA [1] 10.5 2.0 0.0 4.3 6.7 9.3 15.0 60.2 2.81 6

IST-Net [26] 28.7 10.6 0.5 2.0 3.4 5.3 8.8 78.4 3.40 35
HS-Pose [55] 31.6 13.6 1.1 3.5 5.3 8.4 12.7 63.3 3.02 50
GenPose [50] – – – 6.6 9.6 13.1 19.3 42.2 2.05 6

GenPose++ [51] 39.0 19.1 2.0 10.0 15.1 19.5 29.4 30.7 1.28 4
Joint-RegDiff [19] – – – 10.9 – 20.8 – – – –

RFMPose [32] 42.1 21.0 2.2 10.4 15.7 21.0 30.8 – – –

Ours 46.5 27.8 5.8 11.3 15.9 21.8 31.1 27.5 1.19 28∗

SOPE

NOCS [42] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 – – 5
SGPA [1] 13.3 3.2 0.0 7.7 10.1 15.0 20.4 33.8 2.09 6

IST-Net [26] 36.5 16.9 1.4 3.6 5.1 8.6 11.4 60.4 3.72 35
HS-Pose [55] 40.1 21.7 3.2 6.3 8.0 13.6 17.3 39.9 2.46 50
GenPose [50] – – – 11.9 14.4 21.2 26.3 26.1 1.62 6

GenPose++ [51] 50.1 31.9 6.4 18.4 23.0 31.9 40.2 19.9 1.14 4

Ours 59.6 43.7 16.5 20.5 24.2 35.2 42.1 15.7 0.88 28∗

4 Experiments
Datasets. We use SOPE [51] as the training source for F2G-Pose; it contains 5K synthetic object
instances from 149 categories with category-level canonical pose, metric size, and complete shape
supervision. Pose-size evaluation uses SOPE and ROPE [51]: SOPE measures synthetic benchmark
performance, while ROPE evaluates transfer to scanned real objects under the same category taxon-
omy. For camera-frame geometry evaluation, we use SOPE and HouseCat6D [16], where complete
object geometry is available. For additional real-world transfer, we evaluate selected HANDAL ob-
jects [9], including hammers, mugs, pans, and wrench-like tools. The 92 instances from seven HAN-
DAL categories map to six SOPE categories; selection follows taxonomy correspondence. Thus,
ROPE and this HANDAL subset evaluate seen-category, unseen-instance transfer (Appendix B.4).

Baselines and metrics. For category-level pose-size estimation, we compare with NOCS, SGPA,
IST-Net, HS-Pose, GenPose, and GenPose++ using the SOPE/ROPE benchmark results reported
by Omni6DPose [51]. Joint-RegDiff [19] and RFMPose [32] are report-only comparisons from
their papers, using public metrics available under the SOPE/ROPE taxonomy. For reference-based
comparisons on real datasets, we additionally report FoundationPose [46] and Any6D [20]. For
runtime comparison, we benchmark executable methods under a unified inference protocol using the
same segmentation masks, RGB-D crops, depth preprocessing, batch size 1, and GPU-synchronized
timing on one RTX 4090; accuracy results follow the evaluation sources specified above. Pose-size
accuracy is evaluated with AUC of 3D bounding-box IoU at thresholds 25/50/75, VUS under joint
rotation-translation thresholds, and mean rotation/translation error. Shape completion is evaluated
using Chamfer-L1 distance.

4.1 Comparison with State-of-the-Art Methods
Pose-size accuracy and latency. Table 1 shows that F2G-Pose improves the accuracy-latency op-
erating point of category-level RGB-D pose estimation. On SOPE, F2G-Pose improves GenPose++
from 31.9 to 43.7 AUC at IoU50 and reduces mean rotation error from 19.9◦ to 15.7◦; on ROPE, it
improves AUC across all IoU thresholds and matches or exceeds the available high-precision VUS
results. This gain is not only a speedup from removing iterative sampling. The larger improvement
on IoU and rotation-sensitive metrics indicates that direct prediction benefits from stronger condi-
tioning: dense image features preserve category and part cues, local point neighborhoods preserve
observed surface evidence, and global token interactions integrate these cues into a metric pose-size
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Figure 2: Qualitative results on ROPE. We show the input RGB image, ground-truth pose, poses from Gen-
Pose++ and F2G-Pose, and the predicted camera-frame shape.

Table 2: GenPose++ candidate diagnostics on ROPE. The sampled set can contain accurate hypotheses, but
deployed accuracy depends on candidate extraction.

Analysis Rotation Error (degrees)

Mean ↓ Median ↓ > 45◦ ↓ ≤ 5◦ ↑
All candidates 39.3 8.2 26.9% 34.0%
Best-of-50 oracle 9.0 1.78 6.1% 79.3%
Final pipeline 30.7 5.2 19.1% 48.3%

estimate. At the same time, F2G-Pose runs at 28 FPS in pose-only mode and 24 FPS in full-model
mode, compared with 4 FPS for GenPose++, yielding a single-pass estimate without candidate scor-
ing, filtering, or clustering. More qualitative examples are provided in Appendix A.7.

Candidate-to-decision and time-budget analysis. Table 2 examines the candidate behavior of
GenPose++ as a strong generative baseline. Its candidate distribution is heavy-tailed: although
the median rotation error is only 8◦, the mean rises to 39◦, with 26.9% of sampled candidates
exceeding 45◦. With K = 50 samples, an oracle selects a candidate within 5◦ for 79.3% of instances,
achieving a median error of 1.78◦. However, a deployed pipeline must still score, filter, cluster,
or aggregate these candidates, so its final prediction can be substantially worse than the oracle.
This highlights the candidate-to-decision gap discussed in the introduction: candidate-set quality
and deployed prediction quality are related but not equivalent. Candidate quality also varies with
object structure; no-symmetry objects have the largest mean rotation error, suggesting that sampling
difficulty is driven not only by pose ambiguity but also by distinctive yet partially observed geometry.
Additional candidate diagnostics by symmetry are provided in Appendix A.4.

Figure 3 evaluates the same issue under a real-time budget. Reducing diffusion candidates improves
responsiveness but lowers final accuracy because candidate extraction becomes less reliable. F2G-
Pose avoids this trade-off by optimizing the final pose-size decision directly.

Geometry output and shape completion. Table 3 evaluates camera-frame geometry output. The
point-completion baselines are trained on the SOPE training split with the same partial-to-complete
camera-frame targets. Compared with these geometry-only baselines [47–49], F2G-Pose achieves
substantially lower Chamfer-L1 error on both SOPE and HouseCat6D. The qualitative results in
Fig. 2 show that F2G-Pose successfully reconstructs complete object geometries. Unlike these
geometry-only completion baselines, F2G-Pose predicts shape from a shared RGB-D representa-
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Figure 3: Pareto analysis of GenPose++ candidate budget on ROPE.

Table 3: Camera-frame shape reconstruction on SOPE
and HouseCat6D from observed partial object geometry.

Method Chamfer-L1 (×10−3) ↓

SOPE HouseCat6D

FoldingNet 62.72 73.2
Pointr 29.87 40.2
AdaPointr 24.41 32.3
Ours 5.42 7.1

Table 4: Component ablation on ROPE.

Variant AUC ↑ VUS ↑ FPS ↑
IoU25 IoU50 IoU75 5◦5cm 10◦2cm

Full 46.5 27.8 5.8 15.9 21.8 23.7
w/o RGB 34.5 16.2 2.2 6.5 13.2 29.5
w/o MoE 41.0 24.0 3.9 8.7 17.8 19.2
w/o Shape Sup. 39.5 23.2 3.5 8.1 16.5 27.8

Table 5: Representation and backbone study on ROPE.
Representation variants use RADIO as the default back-
bone.
Variant AUCIoU25 AUCIoU50 VUS5◦5cm

Representation variants
Global PointNet 35.2 17.8 6.3
DGCNN tokens 38.6 21.6 7.8
DGCNN + Trans. 41.0 24.0 8.7
DGCNN + MoE w/o Shape 39.5 23.2 8.1

Backbone variants
Full + DINOv2 45.5 27.0 13.7
Full + CLIP 44.8 26.3 12.5

Full 46.5 27.8 15.9

Table 6: MoE routing and capacity analysis on
ROPE. Routing entropy is normalized by log 8;
higher is more balanced.

FFN IoU50 VUS Ent. Load FPS

Dense FFN 24.0 8.7 – – 19.2
MoE top-1 25.6 13.5 0.89 24% 26.1
MoE top-2, no balance 26.0 14.2 0.71 39% 23.9
MoE top-2 27.8 15.9 0.95 18% 23.7
MoE top-4 28.0 16.1 0.96 17% 18.5

tion: depth points anchor the visible metric surface, and lifted RGB foundation features provide
category, texture, and part cues for completing occluded regions. Since the completed geometry is
predicted directly in the camera frame, it can also be consumed by simple downstream planning
modules without an additional canonical-to-camera alignment step. Because the inputs and super-
vision differ across systems and camera-frame CD also reflects global alignment, Appendix B.1
provides an additional matched RGB-D canonical-frame comparison.

4.2 Ablation Studies
Component ablation. Table 4 isolates the main design factors of F2G-Pose on ROPE. Removing
RGB foundation features leads to the largest performance drop, particularly on the rotation-sensitive
VUS metrics, showing that point-wise visual lifting provides pose-relevant appearance and semantic
cues beyond partial geometry alone. Replacing the MoE Transformer with a parameter-equivalent
dense FFN also reduces accuracy, suggesting that conditional capacity helps model category-level
object diversity. Removing auxiliary shape supervision further degrades pose-size prediction, indi-
cating that dense camera-frame geometry supervision regularizes the shared RGB-D representation
and directly benefits the final pose-size estimate.

Representation analysis. Table 5 studies how different RGB-D representations affect direct pose-
size prediction. All variants are trained with the same pose-size losses, while varying the feature
aggregation strategy, contextual encoder, foundation backbone, and the use of auxiliary shape su-
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Table 7: Performance on reflective and transparent materials across ROPE and HouseCat6D.

Category
ROPE HouseCat6D

AUCIoU25 ↑ AUCIoU75 ↑ VUS5◦2cm ↑ Rot. Err. ↓ Trans. Err. ↓ CD ↓

Transparent 43.5 4.7 10.4 25.3 1.19 6.2
Reflective 42.6 4.5 9.8 25.2 1.25 10.1
Average 46.5 5.8 11.3 27.5 1.19 7.1

pervision. Replacing global feature pooling with DGCNN tokens improves both IoU and rotation-
sensitive VUS, showing that local surface neighborhoods provide important geometric cues for di-
rect pose estimation. Adding Transformer context further improves performance by integrating
local RGB-D evidence into an object-level representation. The full model achieves the best results,
indicating that local geometric tokenization, object-level context, and camera-frame geometry su-
pervision are complementary. Finally, replacing RADIO with DINOv2 or CLIP causes only modest
degradation in IoU50, suggesting that the improvement is driven primarily by the architecture and
supervision rather than by a specific foundation backbone. Additional backbone, routing, and shape-
decoder ablations are summarized in Appendix A.6.

MoE routing analysis. Table 6 shows that top-2 MoE provides a favorable accuracy-latency trade-
off. Top-1 routing is faster but less accurate, while top-4 brings only marginal accuracy gains at a
higher latency cost. Compared with top-2 routing without balancing, the load-balanced top-2 MoE
achieves higher routing entropy, lower load concentration, and better pose accuracy. These results
suggest that balanced conditional capacity improves the shared RGB-D representation while keeping
inference cost moderate. Further instance-level analysis finds overlapping category-related expert
preferences (Appendix B.3).

Robustness under challenging materials. Table 7 reports performance on transparent and reflec-
tive objects, which often corrupt depth observations. Compared with the overall ROPE performance,
F2G-Pose shows moderate degradation on these material subsets, with reflective objects being more
difficult than transparent ones, especially in VUS and Chamfer distance. The performance drop is
most apparent in IoU75, where depth holes, specular artifacts, and missing thin structures can per-
turb the estimated object extent. A similar trend is observed on HouseCat6D, where reconstruction
remains accurate for many transparent objects because their shapes are regular despite noisy depth.
Overall, F2G-Pose remains reasonably robust under material-induced sensing noise, while precise
box alignment is still sensitive to imperfect depth observations. Controlled RGB and depth perturba-
tion results are reported in Appendix A.3, with additional material examples in Fig. 9. SAM-mask
and controlled erosion/dilation results are provided in Appendix B.2.

4.3 Real-World Evaluation and Deployment

Cross-dataset real-world evaluation. Table 8: Cross-dataset ROPE/HANDAL evaluation.

Data Method AUC ↑
IoU25 IoU50 IoU75

ROPE
FoundationPose (1 ref) 35.0 18.0 3.1
Any6D (1 ref) 37.2 19.4 3.5
Any6D (0 ref) 22.5 8.1 0.3
Ours 46.5 27.8 5.8

HANDAL
Any6D (0 ref) 14.5 3.8 0.0
GenPose++ (0 ref) 16.7 4.3 0.1
Ours 35.0 11.7 0.3

Table 8 evaluates cross-dataset transfer on real-world
manipulable objects captured under different setups.
The zero-/one-reference baseline protocols are de-
tailed in Appendix B.5. On HANDAL, F2G-Pose
outperforms the reference-free methods Any6D and
GenPose++, while on ROPE it further surpasses
the single-reference method FoundationPose and the
reference-free method Any6D, without requiring an instance reference. These results complement
the controlled SOPE/ROPE benchmark by exposing the model to additional real objects, masks,
backgrounds, and sensor noise patterns. Despite these transfer gains, the low IoU75 values show
that high-precision box alignment remains challenging under cross-dataset sensing and annotation
differences. These results provide additional evidence of F2G-Pose’s robustness under real-world
distribution shifts, complementing the controlled category-level analysis on SOPE/ROPE; qualita-
tive HANDAL examples are shown in Fig. 10.
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Table 9: Real-world pose-conditioned pick-and-place on
ARX. Each method is evaluated on 80 trials. “Ready@50ms”
measures whether the perception module returns a usable de-
cision within a 50ms real-time control budget.

Method Lat. Ready@50 Pick Place Fail Time

GenPose++ full [51] 256 0% 66/80 57/80 14/80 9.8
GenPose++
time-limited [51]

49 100% 56/80 45/80 23/80 7.6

Ours depth-only 31 100% 61/80 50/80 20/80 6.2
Ours w/o shape
completion

29 100% 68/80 57/80 14/80 6.0

Ours full 36 100% 74/80 68/80 8/80 6.1

6D Pose Estimation

Figure 4: Real-world ARX manipulation setup and example
pick-and-place trials.

Robot manipulation. We validate the final pose-size decision in a real pick-and-place setup us-
ing an ARX robotic arm, a parallel-jaw gripper, and an external RealSense RGB-D camera. All
methods receive the same object masks and RGB-D crops, and the evaluated objects include bottles,
bowls, cans, mugs, cups, hammers, pans, and wrench-like tools. The predicted pose and metric
size determine the grasp approach and placement target; the completed camera-frame shape is used
only for collision checking. Each trial randomizes object placement within a tabletop start region,
and success requires grasping, transporting, and placing the object at the target without dropping or
collision. The full model achieves 74/80 successful picks and 68/80 successful placements.

Figure 4 illustrates the physical setup and representative trials, while Table 9 shows that F2G-Pose
preserves high manipulation success while meeting a real-time perception budget. GenPose++ is
effective when run with its full sampling and clustering pipeline, but the full pipeline is too slow for
the 50 ms control budget; reducing candidates improves responsiveness at the cost of more planning
failures. The depth-only and w/o-shape variants further show that dense visual lifting and camera-
frame shape supervision improve the stability of the deployed decision.

Failure analysis. In qualitative benchmark cases, failures mainly occur when corrupted depth re-
moves thin or asymmetric parts, severe occlusion hides functional geometry, or symmetric low-
texture objects admit 90◦/180◦ alternatives. Additional examples are shown in Appendix A.5.

5 Conclusion
We present F2G-Pose, a direct RGB-D framework that estimates category-level 6D pose, metric size,
and camera-frame shape from a single observation. By lifting dense visual foundation features to
partial point clouds and encoding local-global geometry with a MoE Transformer, F2G-Pose predicts
the deployed pose-size state in one feed-forward pass. Experiments on SOPE, ROPE, HouseCat6D,
HANDAL, and ARX manipulation show a favorable accuracy-latency-stability trade-off, while the
shape branch provides dense geometric supervision and approximate planning geometry.

Limitations. F2G-Pose assumes a segmented RGB-D crop at inference time, so mask failures and
severe depth corruption can propagate to pose, size, and shape. The method remains sensitive to thin
or asymmetric parts, severe occlusion, and symmetric low-texture objects that admit multiple plau-
sible rotations. High-precision metric alignment remains weak under cross-dataset domain shift,
which may require downstream refinement for tasks with tight geometric tolerances. Symmetry-
aware supervision does not eliminate ambiguity under severe occlusion or near-symmetry, and the
model provides no calibrated uncertainty or abstention mechanism. Future work will address mask-
free operation, broader real-object coverage, articulated or deformable categories, and active percep-
tion for heavy occlusion.

Broader Impact. F2G-Pose advances category-level object perception for robotics and augmented
reality. While improved pose estimation can benefit assistive manipulation and human–robot col-
laboration, it could also be applied in surveillance or autonomous systems without adequate safety
oversight. We encourage responsible deployment with appropriate human supervision.
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A Additional Implementation Details
A.1 Model Details
F2G-Pose receives a segmented RGB crop and its corresponding partial point cloud. We sample
1024 points from the segmented depth observation and concatenate each point coordinate with a
lifted visual feature. The visual feature is produced by a frozen RADIOv2.5-L encoder [12]; we
concatenate the feature maps from layers 8, 16, and 23, project them to a 1024-dimensional dense
feature map, and bilinearly sample this map at each point’s image projection. This produces an input
tensor of size B × 1024× 1027.
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The fused RGB-D point set is tokenized by a DGCNN encoder with two downsampling stages,
reducing 1024 input points to 128 object tokens. A stack of Transformer blocks then aggregates
object-level context. In the full model, each Transformer feed-forward layer is replaced by a top-2
Mixture-of-Experts layer with 8 experts and the load-balancing loss described in the main paper. The
encoded tokens are pooled into a global object representation. The pose-size branch regresses rota-
tion, translation, and metric size directly; the shape branch first predicts 512 coarse camera-frame
points, selects reliable points after concatenating the coarse output with observed partial points, and
expands each selected point to four local points, yielding a 2048-point completed shape.

A.2 Training Details
F2G-Pose is trained only on the SOPE training split used in the main experiments. We train for
100 epochs with batch size 512 using AdamW. The initial learning rate is 10−4, the weight decay is
5× 10−4, and a LambdaLR schedule decays the learning rate by a factor of 0.9 every 8 epochs with
a lower bound of 2% of the initial value. BatchNorm momentum is decayed from 0.9 by a factor
of 0.5 every 3 epochs with a minimum value of 0.01. Training experiments are run with PyTorch
2.4 and CUDA 12.4 using automatic mixed precision, DistributedDataParallel, and synchronized
BatchNorm on 4 NVIDIA H200 GPUs.

For runtime comparison, we benchmark executable methods under a unified inference protocol
using the same segmentation masks, RGB-D crops, depth preprocessing, batch size 1, and GPU-
synchronized timing on one RTX 4090. The pose-only setting disables the shape head after the
shared RGB-D encoder, while the full setting keeps the shape branch enabled.

A.3 Controlled Robustness Evaluation
To complement the material robustness study in the main paper, we evaluate controlled perturbations
on ROPE. RGB perturbations simulate common photometric changes, while depth perturbations
simulate sensor noise. These results are intended as stress tests of the current SOPE-trained model
rather than as a separate dataset contribution.

Photometric perturbations. For RGB inputs, we apply exposure shifts (±0.5/± 1.3/± 2.2 EV),
white-balance shifts (±800/ ± 2000/ ± 4000 K), and synthetic illumination changes (gradient or
vignetting at 0.10/0.25/0.40 strength). Table 10 shows that performance changes only mildly under
light and moderate perturbations, while heavy perturbations produce a larger but still bounded drop.

Depth perturbations. For depth inputs, we inject heteroscedastic noise

σ(z) = α+ βz2,

where α ∈ {0.001, 0.002, 0.003} and β ∈ {0.000, 0.003, 0.006}. As summarized in Table 11, depth
noise affects the method more strongly than photometric shifts, consistent with the main paper’s
observation that precise metric alignment is sensitive to corrupted or missing depth.

Table 10: Controlled robustness under photometric perturbations on ROPE.
Perturbation IoU25 IoU50 IoU75 5◦2cm 5◦5cm 10◦2cm 10◦5cm ∆AUC / ∆VUS (%)

Clean 46.5 27.8 5.8 11.3 15.9 21.8 31.1 +0.0 / +0.0
Light 46.3 27.7 5.7 11.3 15.9 21.7 30.8 -0.5 / -0.6
Moderate 46.1 27.4 5.6 11.2 15.7 21.5 30.5 -1.3 / -1.6
Heavy 44.7 26.4 5.4 10.6 15.2 20.5 29.1 -4.7 / -6.4

Table 11: Controlled robustness under heteroscedastic depth noise on ROPE.
Perturbation α β IoU25 IoU50 IoU75 5◦2cm 5◦5cm 10◦2cm 10◦5cm ∆AUC / ∆VUS (%)

Clean 0.000 0.000 46.5 27.8 5.8 11.3 15.9 21.8 31.1 +0.0 / +0.0
Low 0.001 0.000 46.3 27.7 5.7 11.2 15.9 21.9 31.2 -0.5 / +0.1
Moderate 0.002 0.003 43.3 24.4 4.5 10.1 14.9 20.3 29.5 -10.4 / -7.2
Heavy 0.003 0.006 39.0 20.0 3.3 8.5 13.2 17.6 26.9 -23.4 / -20.0

15



Figure 5: Examples of controlled RGB and depth perturbations.

A.4 Additional GenPose++ Candidate Diagnostics
Table 12 breaks down the GenPose++ candidate set by object symmetry. The oracle best-of-50
result in the main paper indicates that the candidate set often contains accurate hypotheses, but
the breakdown shows that candidate quality is uneven across object structures. Objects without
rotational symmetry are especially difficult: they have fewer near-perfect candidates and a larger
average rotation error, so post-hoc scoring or clustering has a harder selection problem.

Table 12: GenPose++ candidate quality by symmetry on ROPE. Values are computed over sampled candidates
before the final candidate extraction step.

Symmetry type Mean rotation error ↓ Candidates ≤ 5◦ ↑
Continuous 24.0 49%
Quarter-turn 19.0 33%
Half-turn 45.0 25%
None 57.0 21%

A.5 Failure Mode Analysis
The qualitative failure cases are drawn from ROPE and are consistent with the limitations stated in
the paper: corrupted depth on thin or reflective structures, heavy occlusion, and ambiguous rotations
for symmetric or weakly textured objects.

Reflective and transparent materials. Reflective or transparent surfaces often produce missing
or distorted depth. RADIO features provide complementary appearance cues, but they cannot fully
recover metric extent when the observed point cloud loses thin handles, sharp edges, or asymmetric
parts. This leads to high-precision IoU and rotation errors, as shown in Fig. 6.

Occlusion. Under mild or moderate occlusion, the model can often infer pose from visible geome-
try and lifted semantic cues. Severe occlusion removes too much task-relevant evidence, especially
when the hidden region contains the asymmetric part needed to disambiguate orientation.

Category ambiguity. For symmetric, regular, or small low-texture objects, multiple rotations
can be visually plausible from a single RGB-D observation. The model may therefore predict a
symmetry-related or near-symmetry-related orientation, producing typical 90◦ or 180◦ errors as il-
lustrated in Fig. 7.
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Figure 6: Failure cases caused by corrupted or incomplete depth on reflective object regions.

Figure 7: Failure cases caused by symmetric, geometrically regular, or small objects with ambiguous orienta-
tion cues.

A.6 Supplementary Ablation Results

Table 13: Supplementary ablations on ROPE. We keep the metric definitions consistent with the main tables;
“–” indicates a metric that is not applicable or was not measured for that variant.

Setting AUC IoU25 AUC IoU50 AUC IoU75 VUS 5◦5cm VUS 10◦2cm Chamfer-L1 (×10−3)

Main components

Full 46.5 27.8 5.8 15.9 21.8 5.42
w/o RGB 34.5 16.2 2.2 6.5 13.2 –
w/o MoE 41.0 24.0 3.9 8.7 17.8 –
w/o Shape Sup. 39.5 23.2 3.5 8.1 16.5 –

MoE routing and capacity

MoE top-1 – 25.6 – 13.5 – –
MoE top-2, no balance – 26.0 – 14.2 – –
MoE top-4 – 28.0 – 16.1 – –

Backbone and shape-decoder variants

Full + DINOv2 45.5 27.0 – 13.7 – –
Full + CLIP 44.8 26.3 – 12.5 – –
w/o selection 45.7 27.1 5.2 – 21.0 5.69
w/o coarse-to-fine 43.8 25.6 4.3 – 19.9 6.58

Table 13 summarizes additional ablations while avoiding new claims beyond the current method.
The RGB ablation confirms that lifted foundation features are a major contributor under partial depth.
The MoE variants show that top-2 routing is the adopted trade-off: top-4 gives only a marginal
gain over top-2 at higher cost, while top-1 is faster but less accurate. The backbone variants show
that the framework remains effective with DINOv2 or CLIP, although RADIO gives the best result.
The shape-decoder variants indicate that point selection and coarse-to-fine refinement both improve
reconstruction quality and also affect pose-size accuracy through shared geometric supervision.
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A.7 Additional Qualitative Results
Genpose++ OursRGB Ours(pcd)GT

Figure 8: Additional qualitative examples from ROPE.

Fig. 8 provides additional ROPE examples with the input RGB image, ground-truth annotation,
GenPose++ prediction, and F2G-Pose prediction.

Fig. 9 supplements the material robustness analysis, and Fig. 10 provides additional cross-dataset
real-world examples.
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Figure 9: Reflective and transparent object examples from HouseCat6D. These cases illustrate material-
induced depth corruption and the resulting camera-frame shape predictions.

Any6D

Ours

GT

Figure 10: Qualitative results on HANDAL. We compare ground-truth 3D boxes with predictions from Any6D
and F2G-Pose.

19



B Additional Evaluations and Protocol Clarifications
B.1 Matched RGB-D Shape Completion
The camera-frame comparison in Table 3 measures the complete prediction system: its Chamfer
distance includes intrinsic reconstruction error and global pose, translation, and scale error. More-
over, the geometry-only baselines and F2G-Pose receive different input information and supervision.
To control these factors, we compare F2G-Pose and AdaPoinTr using identical RGB-D inputs, in-
cluding features from the same frozen RADIO encoder, and predict shapes directly in a normalized
canonical frame. Each architecture is evaluated with and without pose-size supervision; no ground-
truth pose or scale is supplied as input.

Table 14: Matched RGB-D completion on SOPE. All variants predict normalized canonical shapes. Canonical
CD-L1 is shown ×103; rotation and translation errors are in degrees and cm. “–” denotes no evaluated pose
output.

Pose/ VUS ↑ Mean error ↓ Canon.
Group Model size loss IoU50 5◦2cm 10◦5cm Rot. Trans. CD ↓

A F2G-Pose Yes 41.5 18.5 38.5 17.8 1.10 34.1
B F2G-Pose No – – – – – 36.7
C AdaPoinTr No – – – – – 37.2
D AdaPoinTr Yes 38.5 16.5 35.0 19.5 1.25 35.5

Table 14 shows that pose-size supervision improves canonical completion for both architectures:
36.7 → 34.1 for F2G-Pose and 37.2 → 35.5 for AdaPoinTr. Without this supervision, F2G-Pose
retains a modest numerical advantage (36.7 versus 37.2). Under full supervision, it also achieves
higher pose accuracy (41.5 versus 38.5 IoU50 AUC). Changing our default camera-frame comple-
tion target to normalized canonical completion reduces pose IoU50 AUC from 43.7 to 41.5, sup-
porting the camera-frame target for the pose objective. Canonical and camera-frame CD values use
different coordinate systems and scales and are not directly comparable.

B.2 Segmentation-Mask Sensitivity
We evaluate SAM-predicted masks on ROPE and controlled erosion/dilation of ground-truth masks
for pose estimation on ROPE and shape completion on SOPE. Erosion removes foreground evidence,
while dilation includes background. Tables 15 and 16 report the results at the stated mask-IoU levels.

Table 15: Sensitivity of pose estimation to segmentation masks on ROPE. Rotation and translation columns
report mean errors.

Mask IoU50 AUC IoU75 AUC VUS 5◦5cm Rot. (◦) Trans. (cm)

GT 27.8 5.8 15.9 27.5 1.19
SAM 27.2 5.6 15.2 28.1 1.21
Erosion, IoU 90% 26.6 5.3 14.8 28.3 1.24
Erosion, IoU 80% 23.8 4.1 13.7 28.8 1.32
Dilation, IoU 90% 27.5 5.3 15.8 27.6 1.20
Dilation, IoU 80% 25.8 4.0 15.5 27.8 1.21

Table 16: Sensitivity of SOPE camera-frame shape completion to segmentation masks. Symmetric CD-L1 is
shown ×103.

Mask Mask IoU Shape CD ↓
GT 100% 5.42
Dilation 90% 5.45
Dilation 80% 5.48
Erosion 90% 5.57
Erosion 80% 5.80

SAM masks yield results close to the GT-mask baseline. At matched mask IoU, erosion causes
greater degradation than dilation on most pose metrics and on shape CD, suggesting that missing
foreground is generally more harmful than limited background inclusion. Together with the RGB
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and depth perturbations in Appendix A.3, these results characterize input sensitivity; they do not
remove the requirement for segmented RGB-D input.

B.3 MoE Expert Preferences
Beyond load balance, we analyze instance-level routing over 7,466 object samples. Routing exhibits
an association with category (Cramér’s V = 0.306, p < 0.001). Different experts show preferences
for broad geometry-related groups, including bag-like, flat, and bowl-like objects, with substantial
overlap. This suggests distributed specialization rather than a rigid one-expert-per-category partition.
Associations with material and visibility are weaker, and no significant independent association with
symmetry was found. These observations complement the capacity and balance analysis in Table 6.

B.4 HANDAL Selection and Per-Category Results
HANDAL is an independent real-world dataset with sensing conditions, capture environments, and
object instances distinct from SOPE. Among its 17 categories, we evaluate the seven with direct
semantic correspondences to the SOPE taxonomy. Selection is based on taxonomy correspondence,
not model performance. The remaining categories have ambiguous mappings or no direct SOPE
counterparts and are excluded because no corresponding canonical frame is defined. These seven
categories map to six SOPE categories, with both wrench types mapped to spanner.

Table 17: HANDAL per-category IoU AUC for the seven directly matched categories. Counts refer to instances.
The last row is the unweighted macro-average over seven HANDAL categories.

HANDAL category SOPE category Instances IoU25 IoU50 IoU75

Claw Hammer hammer 19 35.8 11.5 0.1
Adjustable Wrench spanner 13 12.1 1.0 0.0
Combination Wrench spanner 12 11.8 0.9 0.0
Ladle spoon 12 29.4 3.9 0.0
Measuring Cup cup 12 45.2 17.0 0.3
Mug mug 12 68.3 35.4 1.6
Pot/Pan pan 12 42.4 12.3 0.1

Macro-average 92 total 35.0 11.7 0.3

The evaluation covers 92 instances. The macro-average AUCs are 35.0, 11.7, and 0.3 at IoU25,
IoU50, and IoU75. These results indicate coarse 3D alignment under cross-dataset transfer, while
precise joint estimation of pose, size, and extent remains challenging. Both ROPE and this HAN-
DAL subset evaluate seen-category, unseen-instance transfer, rather than unseen-category general-
ization.

B.5 Reference-Free and Single-Reference Evaluation Protocols
Any6D (zero reference). “Zero reference” means that no additional reference view is supplied
beyond the test RGB-D observation. We use the official repository’s reference-free image-to-3D
pathway, which reconstructs a coarse shape from the test observation and subsequently estimates
pose using that reconstructed shape.

Any6D (one reference). We randomly sample one additional view of the same object from its
ROPE multi-view sequence as the reference image and apply the standard reference-query inference
protocol.

FoundationPose (one reference). We evaluate the model-free pathway under the same one-
reference constraint. One additional real view of the same object is randomly sampled from its
ROPE sequence; an object mesh is reconstructed from that view and used for pose estimation.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state three contributions (direct feed-
forward framework, geometry-aware feature lifting with MoE Transformer, and extensive
evaluation including robotic deployment), all supported by experimental results in Sec-
tions 4–5.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: We discuss limitations in the Conclusion section, including sensitivity to seg-
mentation mask failures, thin/asymmetric parts, severe occlusion, symmetric low-texture
objects, and cross-dataset domain shift.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: This paper is primarily an empirical methods paper and does not include
formal theoretical results or proofs.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe the model architecture, training data (SOPE), loss functions,
hyperparameters, optimizer, and evaluation metrics in sufficient detail. The datasets used
are publicly available benchmarks.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [No]

Justification: Code and pretrained models are planned for public release and are not yet
publicly available. The paper provides sufficient architectural and training details for repro-
duction.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The paper specifies datasets, training splits, model architecture details, loss
functions, evaluation metrics, optimizer, learning rate, and training schedule in the main
text and appendix.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer: [No]
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Justification: We do not report error bars or confidence intervals, as the evaluation follows
standard benchmark protocols with fixed train/test splits, consistent with prior work in this
area.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We report inference speed (FPS) and provide compute resource information
including GPU types and software versions in the appendix.

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: This research conforms with the NeurIPS Code of Ethics. It involves standard
computer vision benchmarks and does not raise ethical concerns.

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: We discuss broader impacts in the Conclusion section, noting positive ap-
plications (robotics, augmented reality) and potential negative uses (surveillance without
adequate oversight).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: The paper does not release pre-trained generative models or scraped datasets
that pose a high risk for misuse. The method is a task-specific pose estimator with limited
dual-use risk.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We cite the original papers for all datasets (SOPE, ROPE, HouseCat6D, HAN-
DAL) and models (RADIOv2, DGCNN) used in this work.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?
Answer: [N/A]
Justification: We do not release new datasets or pre-trained models in this version.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?
Answer: [N/A]
Justification: This paper does not involve crowdsourcing or research with human subjects.
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15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: This paper does not involve crowdsourcing or research with human subjects.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard component.
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