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Abstract. Estimating category-level 9-DoF object poses (rotation, trans-
lation, scale) is fundamental for robotic manipulation and autonomous
systems. Generative approaches, particularly diffusion-based models, have
achieved strong accuracy by effectively bridging the sim-to-real domain
gap through large-scale synthetic training. However, it is difficult for
diffusion-based approaches to achieve both high accuracy and real-time
performance due to their reliance on a multi-step iterative inference pro-
cess. To address this limitation, we propose Geometric Prior Geodesic
Flow Matching (G2FM), an efficient, simulation-free training objective
that learns a deterministic vector field to directly map noise to pose dis-
tributions. G2FM learns a vector field mapping noise to pose distribu-
tions with only three ODE steps, achieving high accuracy and real-time
performance (> 30 FPS). To avoid the structural distortion and singular-
ities caused by Euclidean approximations, we construct a geometrically-
consistent trajectory that operates directly on the SO(3) manifold by
transporting rotations along geodesic paths. Furthermore, to dynami-
cally refine the generative flow during inference and enhance accuracy
without retraining, we design a training-free geometric guidance mech-
anism by leveraging Chamfer distance gradients to project pose correc-
tions directly onto the SO(3) tangent space. Extensive experiments show
that G2FM delivers a favorable accuracy-efficiency-generalization trade-
off for category-level RGB-D 9-DoF pose estimation. Code will be re-
leased upon publication.
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1 Introduction

9-DoF pose estimation, which involves predicting an object’s rotation, transla-
tion, and scale relative to a camera’s coordinate system, is a cornerstone tech-
nology for numerous applications, including augmented reality , robotic
manipulation , and autonomous driving .

With traditional image processing methods, object pose estimation relied
on template matching and feature point correspondences , which struggled
with texture-less objects and complex backgrounds. Recently, deep learning has
revolutionized this field by directly learning robust feature representations from
data. These data-driven methods can generally be categorized into two main
paradigms: discriminative and generative approaches. Discriminative methods
model pose estimation as a deterministic mapping process. Early discrimina-
tive works directly regressed pose parameters or keypoints . However,
these models often exhibited limited generalization capabilities when faced with
novel objects or severe Sim-to-Real domain shifts. To address this, driven by the
advancement of Vision Foundation Models, modern discriminative approaches
@ leverage robust, large-scale feature extractors to
establish zero-shot dense correspondences or perform template matching. While
these models significantly improve generalization and inference efficiency, their
deterministic nature fundamentally limits their ability to capture the inherent
ambiguities and severe occlusions often encountered in real-world scenes.
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Fig. 1: Overview of G2FM. RGB, depth point cloud, and category prior features condi-
tion a velocity network. The ODE solver updates rotation through an SO(3) geodesic
path and updates translation/scale in Euclidean space, with training-free geometric
guidance applied at inference time.

To overcome these limitations and probabilistically model observational un-
certainties, generative approaches have gained prominence. By learning the con-
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ditional probability distribution of poses rather than a single point estimate,
these methods can naturally manage ambiguities such as object symmetries |25].
Early generative works explored VAEs [56] and GANs [50], though they fre-
quently suffered from mode collapse. Building on the capability to model com-
plex data distributions, diffusion models [25}39, /78] have emerged as a powerful
paradigm, treating pose estimation as a generative sampling process. However,
diffusion models face a critical bottleneck: their reliance on a discrete, multi-
step iterative denoising process incurs substantial computational overhead. This
leads to slow inference speeds, making it exceedingly difficult to meet the strict
real-time requirements of practical applications such as robotic manipulation.

Recently, Flow Matching (FM) [37] has become a novel and promising gener-
ative backbone. Its efficient simulation-free objective and deterministic straight
probability paths endow it with high-speed generation capabilities, making it
an ideal candidate to overcome the diffusion bottleneck. However, most existing
FM frameworks primarily focus on standard Euclidean data spaces. In object
pose estimation, modeling 3D rotation is mathematically constrained by strict
orthogonality and determinant properties, meaning that valid rotations natu-
rally reside on the non-Euclidean Special Orthogonal group, or SO(3) manifold.
Consequently, directly applying standard Euclidean FM models to the 9-DoF
pose space leads to an inherent geometric mismatch. As illustrated in Fig. [2]
standard linear interpolation cuts blindly through the ambient space, corrupt-
ing the rotational structure by violating these orthogonality constraints. In an
iterative ODE process, these structural corruptions accumulate rapidly, causing
the entire trajectory to drift and leading to severe generative collapse.
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Fig. 2: Comparison of interpolation paths on the SO(3) manifold. (Left) Our geodesic
path strictly operates on the manifold surface, preserving rotational validity. (Right)
Naive Euclidean interpolation cuts through the space, corrupting structural orthogo-
nality and yielding invalid rotations.

To address the above challenges, we propose G2FM, a novel category-level
9-DoF pose estimation architecture based on continuous-time Flow Matching.
Firstly, considering the inherent non-Euclidean nature of rotation, G2FM presents
an innovative Geodesic Flow formulation to decouple the pose into a SO(3) x
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R3? x R? product manifold. It strictly parameterizes the rotational flow as a
valid angular velocity in the s0(3) tangent space, completely resolving structural
corruption and guaranteeing geometric consistency at every ODE step. In ad-
dition, we design an innovative Training-Free Geometric Guidance mechanism.
By analytically projecting Chamfer distance gradients onto the tangent space,
this mechanism performs preferential refinement across the generative trajec-
tory, adaptively injecting structural priors to enhance pose accuracy without
incurring any retraining overhead.
Our main contributions are summarized as follows:

— 1) We propose G2FM, a highly efficient continuous generative architecture
specifically tailored for category-level 9-DoF pose estimation. By establishing
a deterministic, manifold-aware probability path, G2FM alleviates the speed-
accuracy trade-off of existing diffusion models, enabling robust real-time
perception.

— 2) We propose a Geodesic Flow Matching formulation specifically designed
for complex high-dimensional pose spaces. By explicitly transporting rota-
tions along geodesic paths on the SO(3) manifold, it strictly preserves geo-
metric validity during the entire generation process.

— 3) We propose a novel Training-Free Geometric Guidance mechanism. It
efficiently maps structural point-cloud constraints into valid tangent-space
angular velocities, continuously refining the generative flow on the fly.

— 4) Comprehensive evaluations on synthetic and real-world datasets demon-
strate that G2FM achieves a strong accuracy-efficiency-generalization trade-
off while running at > 30 FPS. This work provides valuable guidance for the
efficient modeling of non-Euclidean geometric data in generative pose esti-
mation.

2 Related Work

2.1 Pose Estimation

Object pose estimation comprises two paradigms. Instance-level methods [5}23,
61,/62] rely on precise CAD models, limiting generalization. In contrast, the
category-level paradigm is significantly more challenging as it must generalize
to unseen object instances, handling large intra-class variations in geometry and
texture. Early methods pioneered this area by defining shared canonical spaces,
such as NOCS [63], to create a common representation for all instances within a
category. Subsequent research has explored diverse strategies, including voting
schemes based on geometric features 73|, fusing semantic priors with geometric
information [9], or leveraging stereo vision for more reliable 3D data |76]. Many
deterministic approaches [15,[53}/66,/73,/75] often depend on synthetic training,
but this reliance on the Sim-to-Real paradigm introduces a significant domain
gap and observational uncertainty.

Beyond category-level pose estimation, broader 3D scene understanding also
studies object geometry in full scenes. Indoor reconstruction methods such as
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Total3DUnderstanding [46] and From Points to Multi-Object 3D Reconstruc-
tion [13] recover room layouts, object meshes, and multi-object scene structure.
CAD alignment and object-lifting methods, including Scan2CAD |2], ROCA [21],
SPARC |28], Vid2CAD |44], DiffCAD [19], and OmniNOCS [27|, retrieve or align
CAD models, or lift image observations into object-centric 3D representations.
Scene synthesis datasets and methods, such as 3D-FRONT [16], ATISS [51], and
DiffuScene [57], focus on generating plausible indoor layouts. Related scene-level
benchmarks such as ScanNet++ |71], Omni3D |[3|, and Hypersim [54] empha-
size full-scene geometry, object detection, or holistic indoor understanding. In
contrast, G2FM follows the category-level RGB-D 9-DoF pose-and-size setting
used by NOCS/REAL275, where each detected object is evaluated by canonical
pose, translation, and scale metrics.

For category-level pose estimation under Sim-to-Real domain shift, diffusion
models have emerged as a powerful paradigm because they can model uncertainty
and generate robust pose hypotheses. These diffusion-based approaches generally
follow two main strategies:

— Denoising Intermediate Representations: This strategy focuses on refining
the intermediate outputs (like coordinates or heatmaps) required for pose
estimation, rather than the pose itself. DiffusionNOCS [25] iteratively de-
noises NOCS (Normalized Object Coordinate Space) maps to improve 2D-
3D correspondence robustness. 6D-Diff [69] models the detection of 2D key-
points as a reverse diffusion process. It generates precise keypoint heatmaps
by denoising from an initial noisy prediction, thereby enhancing the accu-
racy of 2D keypoint detection which is crucial for pose estimation. Similarly,
Diff-COPE |[58] refines a sparse set of keypoints using a diffusion process
conditioned on category information, specifically to better handle intra-class
shape variations. Taking a different approach, EA6D [80] introduces an En-
vironment Decoupling Diffusion Model (EDDM) to generate environment-
independent object representations in a latent space, aiming to decouple
the object’s features from environmental factors like background clutter and
illumination.

— Operating Directly on Pose Space: This strategy treats the pose itself as the
target data to be generated or refined, operating directly on the manifold or
in a continuous parameter space. GenPose 78] models the pose distribution
on the SE(3) manifold to generatively sample plausible poses conditioned
on the input image. Diff9D [39] refines an initial coarse pose by perform-
ing diffusion directly in the 9-DoF space to achieve a highly accurate result.
Other works optimize this process, such as [29], which proposes a joint learn-
ing (regression + diffusion) strategy and score-scaling guidance to accelerate
training and replace the extra outlier-filtering network used in models like
GenPose |78|. This direct strategy is advantageous as it models the tar-
get pose distribution holistically, bypassing the potential error accumulation
from intermediate representations like keypoints or coordinate maps. By op-
erating directly in the pose space, these methods can better learn the complex
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correlations between pose parameters and inherently handle the geometric
properties of the pose manifold.

2.2 Flow Matching

Flow Matching (FM) [37] and Rectified Flow [42] are efficient generative frame-
works that learn direct, ODE-based trajectories. Recent work further studies how
model-aligned source-target coupling affects FM trajectories [36]. This efficiency
has led to its rapid adoption in image and layout generation.

In image synthesis, Yazdani et al. |70] used optimal transport to create a
straighter mapping for medical images, which significantly accelerates sampling
and enhances quality compared to diffusion models. Oh et al. [47] introduced
FlawMatch for industrial defect generation, using spatial attributes as discrete
conditions, which achieved a 17x sampling speed-up and better stability over
DDPM. Similarly, Andrade Guerreiro et al. [20] highlighted FM’s geometrical
interpretation in layout generation, where smooth, directed paths lead to a faster
sampling process than the noisy trajectories of diffusion models.

Building on this foundation, FM has also been applied to complex geometric
data. Chen and Lipman [8] extended FM to general Riemannian manifolds, which
has been utilized for rigid-body transformations in physical sciences |26,/72] and
robotics [18}[79]. Recently, concurrent work RFMPose [49] explored Riemannian
flow matching on the SE(3) manifold to resolve symmetric ambiguities for 6-DoF
instance-level pose estimation.

In contrast to the aforementioned methods that primarily focus on 6-DoF
rigid-body motion, the proposed G2FM aims to tackle the more complex category-
level 9-DoF pose estimation task. By decoupling the pose space into a SO(3) x
R3 x R3 product manifold, it efficiently accommodates the intra-category scale
variations. Furthermore, rather than modifying the training-time objective, G2FM
introduces a plug-and-play training-free geometric guidance mechanism during
inference. This design allows the model to dynamically inject structural priors to
refine the generative trajectory, achieving high-precision pose estimation while
maintaining real-time inference speed (> 30 FPS).

2.3 Rotation Representations and Geometric Refinement

Rotation parameterization is closely related to category-level pose estimation.
Continuous representations such as 6D rotation [81] reduce discontinuities for
neural rotation regression and are effective for single-pose prediction. For gener-
ative pose modeling, however, the representation also interacts with the sampling
trajectory. A rotation can be normalized at the endpoint, while the intermediate
states of a Euclidean flow may still leave the rotation manifold. This motivates
manifold-aware updates that model rotational motion through Lie-algebra ve-
locities and exp/log maps. This view is complementary to neural descriptor and
refinement methods such as NRDF [55], which use learned geometric fields for
local pose refinement.
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3 Proposed Method

Our G2FM framework, illustrated in Fig. is a continuous-time generative
model for 9-DoF pose estimation. This section first introduces the overall frame-
work and its continuous-time formulation, clarifying the relationship between the
continuous-time variable ¢ and the discrete inference steps (Sec. . We then
detail our core contributions: the Geodesic Flow Matching (GFM) formulation
(Sec. and the training-free geometric guidance mechanism (Sec. .

3.1 Overall Framework and Continuous-Time Formulation

As illustrated in Fig. [, G2FM processes multimodal inputs using a ResNet-
18 and a PointNet to extract global RGB and geometric point cloud features,
respectively. These features are then concatenated to guide a Transformer-based
velocity prediction module. The estimation process is iterative: starting from
a near-identity pose, a numerical ODE solver applies this predicted velocity
over a few discrete steps to guide the pose along a geodesic flow, converging at
the final ground-truth pose. Detailed network architectures are provided in the
supplementary.

The core of G2FM is a continuous-time generative framework parameterizing
the trajectory from a simple prior distribution pg at ¢t = 0 to the target pose
distribution p; at ¢ = 1. Unlike models trained to reverse a fixed stochastic
process, we use Conditional Flow Matching (CFM) [37] to efficiently regress a
neural network v;(x; 0) towards a target vector field u;(x|z1). The CFM loss is
defined as:

ﬁCFM(e) = Et,pt(an),pt(m\m) [Hvt(x§ 9) - ut(x|$1)||] (1)

This simulation-free training allows the model to learn deterministic, straight
trajectories, enabling high-quality synthesis in just a few ODE steps during in-
ference.

3.2 Geometric Prior Geodesic Flow Matching

Applying standard Euclidean Flow Matching to the non-Euclidean SO(3) man-
ifold violates orthogonality constraints (RT R = I), as illustrated in Fig. [2| Fur-
thermore, while the SE(3) manifold is typically utilized for 6-DoF rigid-body
motion, it fundamentally cannot accommodate the scale variations (5) inherent
in our category-level 9-DoF task. To simultaneously maintain geometric valid-
ity and task compatibility, we decouple the pose space into a product manifold
SO(3) x R® x R3. This allows us to define independent, closed-form genera-
tion paths: geodesic paths for rotation on SO(3), and standard linear paths for
translation and scaling in Euclidean space.

We represent a 9-DoF pose as g = (R, T,S) € SO(3) x R? x R?. We define
the conditional probability path p:(g|g1) from a randomly sampled noisy pose
go ~ po to a real data pose g; ~ p;. Crucially, unlike standard generative models
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that often use a wide-variance Gaussian noise prior, we adopt a “warm start"
strategy for pg. We define py as a distribution of small random perturbations
centered around the identity pose (R = I,7 = 0,5 = 0). This prior is sampled
independently of the input observation, rather than obtained from a detector,
PnP solver, or learned refiner. The network still learns log(R; R}) toward arbi-
trary target rotations, while the near-canonical start keeps the few-step ODE
trajectory stable and efficient. The points g; = (R, T}, S;) along this path are
generated through the following geodesic interpolation method:

Ry = exp(t - log(R1R{))Ro
T, = (1 - )Ty + 1Ty @)
St = (1 — t)SO + tSl

This path ensures that during interpolation, R; is always a valid rotation matrix,
thereby maintaining pose geometry without introducing structural distortion.

The condition vector field u:(g¢|g1) corresponding to the geodesic path g;
is the velocity vector that drives gy to g;. For the mixed path we defined, this
vector field has a clear closed-form solution:

ur(gelgr) = (log(R1RE), T1 — To, S1 — So) (3)

Here, log(R; RY) calculates the minimum rotation vector (angular velocity) in
the tangent space s0(3) required to rotate from Ry to R;. The exponential map
then projects a scaled portion of this vector back to the SO(3) manifold, ensur-
ing smooth traversal along the geodesic. Notably, for this specifically constructed
linear-geodesic formulation, the conditional vector field u;(g¢|g1) remains con-
stant in the tangent-space representation along the entire continuous trajectory.
Similar to flow matching in Euclidean space, our goal is to train a neural network
vg(g,t, ¢), conditioned on the observed point cloud and other information ¢, to
approximate this vector field. Therefore, we propose the geodesic flow matching
loss Larm (Eq. ), which follows the principle of Conditional Flow Match-
ing [37]:

Larm(0) =B gigoc[llve(ge, t, ¢) — ue(gelg)ll] (4)

where t € U[0,1], g1 ~ Ddata, and go ~ Pnoise, With g; obtained through the afore-
mentioned interpolation. By optimizing this mathematically tractable objective,
our network learns a deterministic, manifold-constrained vector field capable of
smoothly guiding any noisy initialization directly to the ground-truth pose.

Beyond maintaining geometric validity, our geodesic formulation inherently
adopts a Tangent Space Linearization strategy. As formulated in Eq. , pro-
jecting the flow into the tangent space s0(3) via the logarithmic map converts the
complex non-linear manifold regression into a linear learning task of a constant
angular velocity. Consequently, compared to the stochastic gradients in diffusion
models [39], our deterministic geodesic flow guarantees consistent and straight-
line gradients. This analytical stability establishes the essential mathematical
foundation for the training-free geometric guidance mechanism.
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3.3 Training-free Geometric Guidance

The guidance mechanism computes a geometric loss Lgeom at each ODE step
t. We define this loss using the Chamfer Distance to measure the discrepancy
between the transformed canonical model Py, 4 (using the current pose g;) and
the observed points Pys:

Egeom (gf) = Chamfer(T(Pmodela gt)a Pobs) (5)

where 7(P,g) = R(P ® S) + T is the pose transformation function.

We then compute the gradients of this loss with respect to the pose com-
ponents: Vg, Locom: V1, Lgeom, and Vg, Lgeom. A critical step is to project the
ambient space gradient Vg, Lgeom onto the tangent space so(3) at R, to obtain
a valid angular velocity correction, weor - This ensures the update preserves the
SO(3) manifold structure.

Finally, we use the calculated gradient to correct the vector vg(g:,t,c) =
(vs, VT, Wmoder) Predicted by the neural network, obtaining a geometrically-
guided final velocity v; = (vg, v/, w'):

/

Vg = Vs — ’YSvStLgeoma
/

Up = U — ’YTVT,,Lgeoma (6>
’

W' £ Wmodel — YRWcorr

where vg, v, and yr control the guiding strength. The corrected velocity vector
v} is used to perform the single-step update of the ODE solver, integrating the
geometric constraints into the entire generation process. Due to space limits, the
comprehensive mathematical proofs regarding Euclidean structural corruption
and the discrete ODE solver implementations are detailed in the supplementary
material.

4 Experiment Results

To evaluate domain generalization, we train the proposed G2FM exclusively on
synthetic data and test it on challenging real-world and zero-shot benchmarks.

4.1 Dataset and Evaluation Metrics

For the synthetic datasets, we use the CAMERA25 dataset [63]. For real-world
evaluation, we use REAL275 |63, Wild6D [17], and Omni6DPose [77]. REAL275
and Wild6D follow category-level RGB-D 9-DoF pose-and-size evaluation with
object-centric masks/point clouds. Omni6DPose is used as a zero-shot cross-
domain test without fine-tuning.
We use the standard IoU3D and n°-mcm metrics. [oU3D measures 3D bounding-

box overlap, while n°-mcm reports the percentage of predictions whose rotation
and translation errors are below the given thresholds.
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Fig. 3: Qualitative results. From top to bottom: predicted poses by DiffaD , pre-
dicted poses by G2FM, and ground-truth poses. Trained only on synthetic data, G2FM
demonstrates excellent generalization, accurately estimating object poses in cluttered
real-world environments.

4.2 Evaluation Results

Evaluation on the REAL275 Dataset We compare G2FM with several
state-of-the-art methods on the REAL275 dataset. The detailed results are pre-
sented in Tab. [

ODE Sample Steps

Fig. 4: Visualization of the G2FM and Diff9D sampling process. Our method generates
geometrically valid poses from the very first step, which then smoothly converge to the
final estimation.

As shown in Tab. [, G2FM improves the accuracy-efficiency trade-off on
REAL275. When using an ImageNet-pretrained segmenter, our method outper-
forms the strong diffusion baseline Diff9D on the challenging IoU-based metrics
(3Dsp and 3D7s5), which demonstrates strong generalization from synthetic to
real-world data. Under the stricter setting with a segmenter trained on synthetic
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Table 1: Comparison on REAL275 using IoU3D (%) and n°-mcm (%) metrics. “Syn",
“Real w Label", “Real w/o Label", and “Shape Prior" indicate whether each method
uses synthetic training data, labeled real training data, unlabeled real training data, and
category shape priors. “v'" and “-" indicate with and without the corresponding setting.
The best and second-best results are bolded and underlined. Results for competing
methods are adopted from Diff9D [39).

Method ‘Syn Real w Label Real w/o Label Shape Priorl __mean Average Precision (mAP)

‘ ‘3D50 3D75 5°2cm 5°5¢m 10°2em 10°5¢cm
Segmented by Mask R-CNN |22| Pretrained on ImageNet Dataset

SPD [59] v - - v 55.1 17.1 114 12.0 335 37.8
SGPA 7! v - - v 53.1 17.8 19.8 27.7 365  62.6
STG6D [33] v - - v 484 144 201 279 390 63.7
SAR-Net [33] v - - v - - 316 423 503 683
SPD [59] v v - v 68.5 27.5 193 214 432 541
CR-Net [64] v v - v - 332 278 343 472  60.8
SGPA |7 v v - v 68.8 36.6 35.9 39.6 61.3 70.7
RePoNet [17] v - v v 76.0 - 29.1 31.3 485 56.8
SSC6D+ICP [52] | v - v - 727 - 286 334 518 629
DiffusionNOCS [25]| v - - - - - - 350 - 666
Diff9D {39] v - - - 76.5 41.7 353 43.9 548  70.0
G2FM (Ours) v - - - 80.0 44.8 36.5 412 575 67.6

Segmented by Mask R-CNN [22| Pretrained on CAMERA25 Dataset

DPDN {34] v - - v 67.2 39.8 29.7 37.3 537 67.0
UDA-COPE [30] | v/ - v - 75.5 344 305 349 570 661
TTA-COPE [31] | v - - - 69.1 39.7 30.2 359 61.7 73.2
VI-Net [35] v - - - 33.3 11.3 117 199 144 291
SecondPose [9 v . . . 34.9 14.7 127 21.2 176 342
Diff9D [39] v - - - 69.2 44.1 36.5 45.2 57.7 722
G2FM (Ours) v - - - 71.0 44.9 36.5 421 56.8 68.2
VI-Net [35] v v - - - 483 500 57.6 708 82.1
DiffoD |39 v v - - 79.8 55.8 50.5 57.1 72.1 815
G2FM (Ours) v v - . 82.757.1 489 535 70.6 777

data CAMERA25, G2FM maintains its competitive edge, achieving top perfor-
mance on the 3D75 metric. The qualitative results in Fig. [3]further validate these
quantitative improvements, showing that our predicted poses align more closely
with the ground truth in challenging, cluttered scenes.

The ODE visualization in Fig. [ further shows that G2FM keeps poses ge-
ometrically valid from early steps, starting from a plausible initial pose and
smoothly evolving toward the final solution. This contrasts with diffusion sam-
pling, where intermediate boxes can be unstable or geometrically invalid before
convergence.

Evaluation on the Wild6D Dataset We also evaluate G2FM on the Wild6D
dataset. As shown in Tab. 2] G2FM achieves highly competitive results across
multiple key metrics. Notably, while competing methods often utilize real-world
training data, our model is trained solely on synthetic data and still demonstrates
strong domain generalization. This validates the effectiveness of our framework
in addressing the Sim-to-Real domain shift.
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Table 2: Comparison on Wild6D using IoU3D (%) and n°-mcm (%) metrics. “Syn",
“Real w Label", “Real w/o Label", and “Shape Prior" follow the same definitions as
in Tab. * denotes training with both CAMERA25 and REAL275. The best and
second-best results are bolded and underlined. Results for competing methods are
adopted from Diff9D [39].

Method ‘Syn Real w Label Real w/o Label Shape Prior] _ mean Average Precision (mAP)

| |3Ds0 3D7s 5°2cm 5°5¢m 10°2cm 10°5¢m

NOCS* [63] v v - - 0.00 0.00 0.04 004 004 004
SPD* 59 v v - v 52.64 20.26 6.90 9.26 20.10 27.84
SGPA* 7] v v - v 63.48 34.46 26.28 29.18 33.80 39.52
GPV-Pose* [12]| v v - - - - 1410 21.50 23.80 41.10
DiffoD {39] v - - - 76.48 38.16 25.52 30.46 32.48 40.94
G2FM (Ours) | v/ - - - 77.54 36.20 23.18 30.62 29.96 41.76

Zero-shot Generalization on Omni6DPose To validate robustness beyond
REAL275, we evaluate our CAMERA25-trained model directly on the large-scale
Omni6DPose dataset (ROPE subset) |77] without fine-tuning.

Table 3: Zero-shot comparison on the Omni6DPose (ROPE subset). Methods in the
top section are supervised on the target domain (149 categories) and are listed solely
as Oracle References. The bottom section evaluates pure Zero-Shot transfer (trained
only on 6 categories of CAMERA25).

Method 3D2s 3Dso 3D7s 5°2cm 5°5cm
Supervised on Target Domain (149 classes) - Reference Upper-bound
GenPose++ 77| 39.0 191 2.0 10.0 151
RFMPose [49]" 42.1 21.0 2.2 10.4 15.7

Zero-Shot Sim-to-Real Transfer from CAMERAZ25 (6 classes)
SecondPose (Regression Baseline) |9 94.1 139 0.15 0.00 0.00

Diff9D (Diffusion Baseline) [39] 0.72 045 0.08 0.02 0.03
Standard FM (Euclidean) 0.17 0.12 0.02 0.01 0.01
FM + SO(3) (Geometric) 40.16 5.75 077 0.59  0.73
G2FM (Ours) 52.91 18.94 5.45 5.85 13.87

. Cited from original papers.

As shown in Tab. [3] G2FM achieves robust generalization (52.91% in 3Da5),
whereas Diff9D shows significant degradation under this extreme domain shift
and produces unstable geometries (0.72%). This confirms our SO(3) geodesic
flow prevents the geometric degradation inherent to Euclidean diffusion methods.
While the regression baseline SecondPose |9 achieves nontrivial accuracy (3Dsg
of 13.9%), its slow inference (16.4 FPS, Tab.[4)) limits real-time utility. Operating
at 31.5 FPS, G2FM establishes a stronger accuracy-efficiency trade-off.
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Efficiency Analysis We compare inference speed in Tab.[d] G2FM reaches 31.5
FPS with only 3 ODE steps, outperforming Diff9D and DiffusionNOCS because
flow matching learns a direct ODE trajectory rather than a long denoising chain.
This makes G2FM practical for latency-sensitive robotic grasping.

Table 4: Comparison of inference speed (FPS).

Method | G2FM (Ours) Diff9D [39] SecondPose [9] DiffusionNOCS [25]
FPS | 31.5 19.2 16.4 6.77

4.3 Ablation Studies

Core Components (Tab. The zero-shot setting in Tab. (3| also serves as a
stress test for the core components. In the Standard FM baseline, the pose is rep-
resented by the same 12D vector used by our network (3D scale, 3D translation,
and 6D rotation), but the rotation path and update are Euclidean rather than
geodesic. This baseline nearly collapses (3Dj5q of 0.12%). Explicitly modeling the
SO(3) path and update yields a large jump to 5.75%, while the full G2FM with
geometric guidance reaches 18.94%. These results show that 6D rotation param-
eterization alone is not sufficient for flow matching. The learned trajectory and
intermediate ODE states also need to respect the SO(3) geometry.

Rotation Path Ablation Table [f further isolates whether the improvement
comes from a continuous rotation representation alone or from the manifold-
aware path and update. All variants use the same backbone and training data.
The Euclidean 6D-FM variant keeps the 6D rotation representation but learns
the flow in Euclidean space. The matrix-FM + SVD variant predicts a matrix
trajectory and projects the endpoint to SO(3) using SVD. G2FM instead pre-
dicts Lie-algebra velocity and updates rotations with exp/log maps along the
SO(3) geodesic.

Table 5: Rotation-path ablation on REAL275. All variants use the same training
data, backbone, and comparable ODE setting, while changing only the rotation path
and update.

Method |3Ds0 3D7s 5°2cm 5°5cm 10°2cm 10°5em
Euclidean 6D-FM 76.6 382 34.7 44.5 540  71.2
Matrix-FM + SVD projection 72.0 21.3 199 389 30.6 66.6

G2FM with SO(3) geodesic update | 79.4 42.6 339 39.2 55.3 67.2

The results show a clear trade-off across metrics. The SO(3) geodesic update
gives the best IoU-oriented accuracy and the best 10°2cm result, indicating bet-
ter global pose and size consistency. Euclidean 6D-FM remains competitive on
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several rotation-translation thresholds, but this does not contradict the larger-
domain Omni6DPose stress test, where the Euclidean path nearly collapses.
Matrix-FM with SVD projection performs worse than both, suggesting that
endpoint projection alone is not enough to replace a manifold-aware update.

Encoder Ablation Table [] examines whether stronger feature extractors di-
rectly improve G2FM. The original model uses ResNet18 (R18) for RGB features
and PointNet (PN) for point-cloud features. We compare it with variants that
replace the RGB encoder with DINOv2 [48] or SigLIP2 [60], or replace the point
encoder with DGCNN [65]. All variants keep the same G2FM solver, training
data, and loss, so the comparison focuses on the encoder choice.

Table 6: Encoder ablation on REAL275. All variants keep the same G2FM solver,
training data, and loss. R18 denotes ResNet18 and PN denotes PointNet. “w/" means
replacing the corresponding encoder in G2FM, for example, w/ DINOv2 replaces R18
with DINOv2 while keeping PN.

Method RGB Encoder Point Encoder‘SDso 3D75 5°2cm 5°5cm 10°2cm 10°5cm

G2FM R18 PN 80.0 44.8 36.5 41.2 57.5 67.6
w/ DINOv2 DINOv2 PN 74.9 422 329 36.3 56.8 65.2
w/ SigLIP2 SigLIP2 PN 749 42.0 353 39.0 52.0 62.0
w/ DGCNN R18 DGCNN 61.2 321 350 41.2 47.8 59.8

The completed encoder ablation shows that replacing the RGB backbone
with DINOv2 or SigL.IP2 does not surpass the original G2FM. This is reason-
able for 9-DoF pose estimation. DINOv2 and SigL.IP2 provide strong semantic
RGB features, but the task here depends heavily on fine object geometry, depth-
aligned cues, and stable pose-space updates. Replacing PointNet with DGCNN
also gives mixed results: it stays close on the stricter rotation-translation metrics,
but drops on the IoU-oriented metrics that depend more on the full 9-DoF pose
and size. Under the same solver, data, and loss, the original ResNet18+PointNet
design remains a better fit for the current RGB-D pipeline. The result supports
our choice to keep the backbone fixed in the main comparisons, since the main
gain of G2FM comes from geodesic flow modeling and geometric guidance rather
than from a stronger visual encoder. It also suggests that foundation RGB fea-
tures may need task-specific adapters, spatial token fusion, or partial fine-tuning
before they can consistently improve category-level 9-DoF pose estimation.

Generality of Geometric Guidance (Tab. @ We integrate our plug-and-
play guidance into Diff9D without retraining. It improves Diff9D on REAL275
and Omni6DPose, even though Omni6DPose lacks canonical models and must
use CAMERA25 source models. On Wild6D, severe depth noise slightly hurts
3D5g, showing that stable trajectories are important for robust geometric guid-
ance.
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Table 7: Guidance generalizes to Diff9D.

Omni6éDPose REAL275 ‘Wild6D
Method
3D25(%) 3D50(%) 3D75(%) 3Ds50(%)  3D75(%)  3Dso(%) 3D75(%)
DiffaD 0.72 0.45 0.08 76.5 41.7 76.48 38.16
Diff9D + Guidance 8.45 2.83 1.41 77.4 42.3 74.36 (-2.1) 38.26
G2FM (Ours) 52.91 18.94 5.45 80.0 44.8 77.54 36.20

Inference Settings Supplementary experiments show that 3 ODE steps and
guidance strength v = 0.01 give the best speed-accuracy balance.

5 Conclusion

We propose G2FM, a continuous flow matching framework for category-level
9-DoF pose estimation. By learning a direct vector field and modeling rota-
tions through SO(3) geodesic paths, G2FM achieves a strong accuracy-efficiency
trade-off on real-world benchmarks. Training-free geometric guidance further im-
proves pose refinement without retraining. The experiments show that the main
benefit comes from respecting the pose geometry during the flow trajectory,
rather than merely changing the final rotation representation. Together with the
zero-shot Omni6DPose results, this suggests that geodesic flow modeling is a
useful direction for efficient and generalizable RGB-D pose estimation.

6 Limitations and Future Work

Several limitations remain. Severe occlusion, noisy depth, or imperfect segmen-
tation can weaken geometric guidance, motivating robust or confidence-weighted
guidance. For symmetric objects, Chamfer guidance tolerates geometry-equivalent
poses, while symmetry-aware velocity losses remain valuable future work. G2FM
also relies on an upstream segmenter, and end-to-end segmentation-pose gener-
ation remains future work.
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