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Abstract. Existing zero-shot 6D object pose estimation methods pre-
dominantly rely on multi-stage pipelines with iterative render-and-compare
refinement or coarse-to-fine hypothesis selection, leading to substantial
computational overhead and implementation complexity. Generative mod-
eling on geometric manifolds offers an attractive alternative by directly
representing pose posteriors. In this work, we present UF0-6D), a Unified
Flow-based Zero-shot framework for 6D object pose estimation without
refinement. UF0-6D reformulates pose estimation as conditional Rieman-
nian flow matching on SE(3), learning an instance-conditioned posterior
via geodesic-consistent bridge velocities and symmetry-aware Rieman-
nian optimal transport supervision. A single ODE integration pass re-
places coarse-to-refine cascades and iterative alignment, unifying model-
based and model-free settings via a geometry-conditioning design that
maps both CAD renders and reference-view renders into a shared point-
token representation. Our RGB-D variant achieves a mean AR of 81.2
on BOP benchmark datasets, surpassing the previous state-of-the-art by
+6.0 AR, while our RGB variant reaches 70.6 AR at only 0.379s per
image, establishing a new accuracy—speed Pareto frontier.

Keywords: Object 6D pose estimation - Conditional flow matching -
Zero-shot learning

1 Introduction

Estimating the rigid 6D transformation remains a long-standing and challenging
problem in computer vision. Accurate 6D object pose estimation underpins a
wide range of downstream applications, including robotic manipulation [24,[53]
54| and mixed reality [34]. Despite remarkable progress, real-world pose estima-
tion remains challenging due to occlusion, clutter, textureless surfaces, specular-
ities, and symmetries that induce inherent pose ambiguities.

Recent research |7}/15,[28}45]50,/52,/60,61] has increasingly pivoted towards
zero-shot pose estimation for unseen objects, generally categorized into model-
based and model-free paradigms. In the model-based regime, state-of-the-art
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Fig.1: UF0-6D: accuracy—speed trade-off and qualitative pose-flow visu-
alizations. Left: Accuracy—speed trade-off (mean AR vs. inference time) on BOP
for representative RGB and RGB-D methods. Right: Qualitative examples: RGB (or
RGB-D) inputs (top), corresponding CAD models (middle), and the pose-flow trajec-
tory on SFE(3) visualized along ODE integration (bottom).

systems typically rely on template retrieval followed by iterative render-and-
compare refinement to mitigate discretization errors . Correspondence-
driven alternatives attempt to streamline this process by matching query im-
ages to rendered templates via PnP/RANSAC [1}31}/38,[39,[41]. Similarly, in
the model-free regime, few-shot pipelines often degrade when facing
textureless objects or severe occlusions, limiting their generalization capabili-
ties . Consequently, the prevailing dependence on multi-stage inference and
iterative refinement remains a critical bottleneck, hindering efficient and reliable
deployment in real-time scenarios.

As shown in Fig. 2] we argue that a key reason refinement is so prevalent
is that many methods do not explicitly model the conditional posterior over
poses under ambiguity. Generative modeling offers an attractive alternative by
directly representing pose distributions. Score-based approaches such as Gen-
Pose learn pose posteriors via score matching, but estimating scores on
manifolds like SFE(3) is non-trivial and can be sensitive under symmetry-induced
multi-modality. Flow matching provides a deterministic probability-flow for-
mulation that avoids explicit score estimation, and recent Riemannian exten-
sions have shown potential for learning distributions on geometric spaces.
However, existing methods mainly do not yet provide a unified, instance-level,
zero-shot formulation that works in both model-based and model-free scenarios.

In this work, we present UF0-6D, a Unified Flow-based Zero-shot frame-
work for 6D object pose estimation without refinement. UF0-6D reformu-
lates pose estimation as learning a conditional Riemannian probability flow on
SE(3), where conditioning captures both the observed query evidence and an
object-specific representation that can originate from either CAD templates or
reference-view templates. This unified formulation enables a single-stage infer-
ence procedure: UF0-6D integrates a learned ODE once to sample from the
posterior, without coarse-to-refine design, render-and-compare refinement, or it-
erative optimization. Importantly, we incorporate symmetry-aware learning by
selecting symmetry-consistent transport targets using a Riemannian optimal-
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transport-inspired rule, avoiding ad-hoc symmetry-specific heads while respect-
ing the evaluation protocols based on symmetry-aware metrics in BOP.

We train UF0-6D from large-scale synthetic data and evaluate on the seven
core datasets of the BOP benchmark. UF0-6D achieves state-of-the-art perfor-
mance with a superior accuracy—speed trade-off, demonstrating that directly
learning the conditional pose posterior on SE(3) can remove the long-standing
reliance on refinement while improving robustness to occlusion and symmetry.

In summary, our main contributions are:

— Instance-level conditional flow formulation on SE(3). To the best of
our knowledge, UF0-6D is the first method to formulate zero-shot 6D object
pose estimation as conditional Riemannian flow matching on SE(3).

— Single-stage inference without refinement. By directly learning the
instance-conditioned posterior pose distribution via geodesic-consistent bridge
velocities and symmetry-aware Riemannian optimal transport supervision,
UF0-6D eliminates coarse-to-refine cascades and iterative render-and-compare
refinement, performing robust inference in a single ODE integration pass.

— State-of-the-art zero-shot results. As shown in Fig. [I] we demonstrate
SOTA zero-shot performance across all seven core BOP datasets, achieving
strong accuracy—speed trade-offs without any refinement stage.

2 Related Works

2.1 Model-based Pose Estimation of Novel Objects

Model-based 6D object pose estimation assumes access to accurate CAD mod-
els and trains/testing on the same instances, solved via direct pose regres-
sion [30L/56], 2D-3D correspondence with PnP |44]/51], or 3D-3D correspondence
and least-squares fitting [14}/15]. While category-level methods relax instance
specificity [7)28,50,52,60,61], they typically generalize only within predefined cat-
egories and thus cannot handle arbitrary novel objects. Template-based methods
render dense pose hypotheses and retrieve the best match [27}35139,/40,46,55|, of-
ten followed by render-and-compare refinement to improve accuracy 27435555
Correspondence-driven methods establish 2D-2D or 2D-3D matches between
query images and rendered templates using learned descriptors, then recover
pose by PnP/RANSAC |[1,31},138//39,/41]. Co-op [36] uses a learned refinement
module that estimates probabilistic flow between query and rendered views, cou-
pled with a differentiable PnP layer. FoundationPose [55] leverages large-scale
synthetic data generation, transformer-based modules, and a coarse-to-refine
strategy with pose selection /ranking for improved generalization.

2.2 Few-shot Model-free Pose estimation of Novel Objects

Model-free approaches remove the need for explicit CAD models and instead
rely on a small set of reference images captured at test time [13}]16}|43}|48].
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Instance-specific pipelines such as RLLG [4] and NeRF-Pose [29] reconstruct ob-
ject representations (e.g., radiance fields) and estimate pose, but typically require
per-object training and are not designed for broad generalization to arbitrary
novel objects. For generalizable novel-object settings, Gen6D [33| introduces a
detection-retrieval-refinement pipeline, but still relies on fine-tuning to mitigate
distribution shift. OnePose [48] and OnePose++ [13] build object models via
SfM and solve pose by matching learned correspondences; FS6D [16] extends
similar ideas to RGB-D. However, correspondence quality can degrade signifi-
cantly for textureless objects and under heavy occlusion, motivating alternative
formulations that can directly model the pose posterior under ambiguity.

A closely related direction is to unify model-based and model-free pose es-
timation within a single system. FoundationPose [55] explicitly supports both
scenarios by using an implicit object representation for efficient novel-view syn-
thesis when CAD models are unavailable.

2.3 Generative Modeling for Object Pose Estimation

Generative modeling has recently emerged as a promising paradigm for a variety
of tasks beyond traditional generation tasks, such as classification [6], percep-
tion [551/57], and robotics action planning |9,(58]. One of the pioneering works in
this area, GenPose [59], proposed learning the 6D pose distribution through score
matching. Diff-Reg 23] formulates 6D pose estimation as SE(3) diffusion-based
point-cloud registration with reverse transformation denoising. However, score
matching struggles with resolving pose ambiguities caused by object symmetries.
Recent advancements in Riemannian manifolds [2,[8[22/42] have demonstrated
the power of flow matching in modeling complex geometric transformations.

3 Method

3.1 Unified Pose Flow Formulation

Problem formulation Given an observation of a target object instance and an
object-specific representation, our goal is to infer its 6D pose g = [R,t] € SE(3),
where R € SO(3) and t € R®. We consider two evaluation regimes under a
unified formulation:

Model-based. At test time, a CAD model (mesh) M is available. We assume a
detector provides an object crop (and optionally depth) from the input image Z,
denoted as Z¢°P (and D*°P). The task is to estimate g for the detected instance.

Model-free. At test time, a small set of reference views R = {(Zr°f, gief)} K |
is provided, with known poses. These references may come from sparse-view
capture and can be used to build an implicit or explicit geometry proxy. The
task remains estimating ¢ for the query crop.
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Fig. 2: Overview of UF0-6D and existing paradigms for zero-shot 6D pose
estimation. From top to bottom: iterative refinement, coarse-to-fine, multi-hypothesis
selection, and UF0-6D, which performs single-stage zero-shot 6D pose estimation via
a conditional flow on SFE(3) without refinement.

We unify both regimes by introducing a geometry conditioning variable c
that summarizes the observation and the object representation:

c = P(IP, DUPG), G € {CAD templates, reference-view templates}.

(1)

The learning target is the conditional posterior ¢(g | ¢) over poses on SE(3).

Conditional continuous normalizing flows on SE(3) We model ¢(g | ¢)
via a conditional continuous normalizing flow (CNF) defined by an ODE-driven

probability flow :

dgt

1
dt €01,

(2)

where vy is a learnable time-dependent velocity field conditioned on c. Starting
from a tractable base distribution pg(g) (we use an isotropic base on the Lie

= ’ve(tagtv C),
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algebra, cf. Sec. , the flow induces a path of densities {p;(- | €)}+cjo,1) Whose
endpoint p;(- | ¢) approximates q(- | ¢).

The density evolution along the flow satisfies the continuity equation on
manifolds [8]:

8tpt(g | C) + vg'(pt(g | C) 'vg(t,g,c)) = 0’ (3)

with Vg - (-) denoting the (Riemannian) divergence operator on SE(3).

3.2 Feature Extraction and Geometry Conditioning

UF0-6D requires a conditioning representation ¢ that captures (i) what is ob-
served in the query and (i) what the object is, in a way that works for both
CAD-available and CAD-free settings. We construct ¢ from two point sets with
aligned token features: a query set P? from the detected crop and an object tem-
plate set P° from either CAD-rendered templates (model-based) or reference-
view templates (model-free).

Query crop tokens — point-wise query features Let Z°°P be the RGB
crop of the detected object. We extract dense patch tokens using a vision trans-
former backbone (ViT) [10] and reshape them into a per-pixel embedding map
E? ¢ REXWXd We then sample a set of 2D (or 2.5D with depth) points from
the crop:

P = {pf}~,, p?eR® (RGB) or R? (RGB-D). (4)
Each point inherits its feature by indexing the corresponding pixel token:
£= EBUpl) eRY, FU= {5} (5)

This produces a point-token representation of the observed crop that is agnostic
to whether depth is present.

Object templates — point-wise object features To represent the object
instance, we build a template bank that can be instantiated from either CAD or
reference views.

Model-based templates. Given a mesh M, we render V' views with known camera
extrinsics {r; }}/:1, producing template images {Z7 ;-/:1 (and optionally depth).
We extract ViT [10] tokens E7 and aggregate visible object pixels across views
into a pooled point set P° by sampling from the union of visible pixels (or

back-projected surface points when depth is available):
Pe={pntmzr,  Fa = Eim(Pn),  FO={filni: (6)

Model-free templates. Given reference images R, we first reconstruct an object-
centric 3D proxy using fast sparse-view 3D Gaussian Splatting [26] (see Appendix
for details). We then render template views from this proxy and apply the same
token extraction and visible-pixel /point aggregation as in the model-based case,
producing P° and F° in an identical format.
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Geometry conditioning vector Finally, we fuse query and object tokens into
a conditioning representation ¢ through a cross-attention encoder ¥:

c = W(PY,F,P° F°). (7)

Crucially, ¢ is instance-specific (depends on M or R) but pipeline-invariant
across model-based and model-free regimes.

3.3 Learning Pose Distribution via Conditional Flow Matching

Flow matching learns vy by matching it to a known bridge velocity that trans-
ports a base distribution to the data distribution without requiring score esti-
mation [8}/32]. For 6D pose, the key is to enforce manifold-consistent trajectories
on SE(3). We follow the Riemannian flow matching principle and adapt it to
instance-level pose posteriors by making the conditioning ¢ explicitly instance-
dependent (Sec. , changing the learning target from category priors to in-
stance posteriors conditioned on object templates and observations.

Riemannian structure on SE(3) We represent poses as elements of the Lie
group SE(3). Let se¢(3) be its Lie algebra. We use the matrix logarithm and
exponential maps:

log : SE(3) — se(3), exp : s¢(3) — SE(3). (8)

In practice, we decompose SE(3) ~ SO(3) x R? using the standard disintegration
of measures for rigid motions (Haar x Lebesgue), which allows constructing
coupled flows on rotation and translation while maintaining manifold validity.

Geodesic bridge and target velocity Given a ground-truth pose g1 =
[R1,t1] and a base pose sample gy = [Ro,to], we define a time-t bridge wu(¢)
that lies on the shortest path under the chosen geometry:

Rotation geodesic on SO(3). We use Lie-algebra geodesic interpolation:

R, = Ry exp(t log(RY Rl)). 9)

Translation interpolation on R3. We use Euclidean interpolation:
t; = (1 —1t)tg + tty. (10)

The corresponding target velocity (bridge vector field) is defined as the time
derivative of the bridge at (Ry,t;). For translation, ¢; = ¢; — to. For rotation,
using the left-trivialized tangent on SO(3), one obtains a constant body-frame
angular velocity:

w = log(Ry Ry) € 50(3), R, = Rw. (11)
Thus the bridge velocity on SE(3) is

u(t; go,91) = (uso@) (1), urs(t)) = (Rew, t1 —to). (12)



8 Y. Guo et al.

Bi-invariant Riemannian metric and matching objective To compare
velocities on the manifold, we introduce a product Riemannian metric on SE(3),
combining a bi-invariant metric on SO(3) (e.g., induced by the Killing form)
with the Euclidean inner product on R? for geometric consistency. We denote
the induced norm by || - [|gz(s)-

Conditional Riemannian flow matching trains vy to match the bridge velocity
u in expectation:

2
Lerrm(0) = Eeg)~d Eggmpo() Etna(o,1) [H’Ue(t,gt,c) - u(t;gmgl)HSE(S)} ;
(13)
where g; is the interpolated pose at time ¢ from Egs. @7.

Symmetry-aware learning via Riemannian optimal transport A central
difficulty in instance-level 6D pose estimation is symmetry-induced pose mul-
tiplicity: for an object with symmetry group S C SE(3), the set of equivalent
ground-truth poses is

V(1) = {g10s|s€S} (14)

In BOP, symmetries are explicitly accounted for by MSSD/MSPD metrics; we
incorporate them during learning by adapting the Riemannian optimal transport
(ROT) strategy in RFMPose [42].

Concretely, for a fixed source gy and a multi-hypothesis target distribution
supported on Y(g;), we define a Riemannian transport cost using the se(3) log-
arithm:

c(ga:g0) = [log(ga"9) | e(s) - (15)

Following the symmetry-aware target selection strategy used in RFMPose [42],
we select the symmetry-consistent pose that minimizes the geodesic cost. In our
implementation, this yields a simple and effective symmetry handling rule at
training time:

g1 = arg min ¢(go,9), (16)

g€V (91)

and we use g in the bridge construction (Egs. @,) This replaces ad-hoc
symmetry-specific heads/losses with a geometry-first principle: always transport
along the shortest symmetry-consistent geodesic.

Single-stage inference: sampling by ODE integration At test time, UF0-
6D performs single-stage inference by integrating the learned probability flow
ODE:
dg:
dt

In contrast to coarse-to-refine pipelines, there is no separate refinement stage;
the flow directly generates 6D pose from the learned posterior.

- v@(t7gta C)7 go ~ po, = {ggm)}%ZI (17>
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Pose likelihood and final pose readout In the model-based (BOP Bench-
mark [18,/19,49]) setting, we use a single hypothesis for efficiency (M=1) and
directly output the resulting pose. In the model-free setting, we draw a small
set of hypotheses (M > 1) and compute a symmetry-aware final estimate.

To score multiple hypotheses without training an additional energy network,
we adopt the end-to-end likelihood estimation used in continuous normalizing
flows: the log-density evolves according to

0
% logpi(g:) = —Vg-vg(t, g, ), (18)

and thus .
log p1(g1) —logpo(go) = 7/ Vg - vg(t, gi, ) dt. (19)
0

Following RFMPose [42], we approximate the divergence via Hutchinson’s trace
estimator to avoid explicit Jacobians, enabling practical likelihood evaluation for
each hypothesis. For random vectors € ~ N(0, I),

Vg -ve(t,gt,¢) = tr(Jy) =~ E [eTJte] , (20)

where J; = %—1;’ and the Jacobian-vector product is computed by automatic
differentiation.

Given hypothesis set {gim)}%zl with likelihoods {/,, }, we filter low-likelihood
samples and compute a weighted estimate. For translation we use Euclidean

weighted mean:

R (m)
i Yo Wi t 7
Zm W,

For rotation, we use a likelihood-weighted Fréchet mean on SO(3):

Wy, = exp(lyy,). (21)

_ . 2 (m)
R = argRer{lqgl(S) a Wiy, dSO(3)(R7R ), (22)

where dso(s) is the geodesic distance induced by the chosen bi-invariant metric.
Finally, we output § = [R, t.
This readout is not an iterative refinement: it is a closed-form aggregation

of samples from the learned posterior and does not alternate between rendering
and alignment (render-and-compare) nor run a coarse-to-fine cascade.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on the seven core datasets of the BOP
Challenge |20]: LineMod Occlusion (LM-O) |3], T-LESS [17], TUD-L [18], IC-
BIN |11], ITODD [12], HomebrewedDB (HB) [25], and YCB-Video (YCB-V)
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Table 1: Results on the BOP challenge datasets. The table shows the Average
Recall (AR) score for each dataset, the mean AR score across all datasets, and the time
required to estimate the poses of all objects within an image. From top to bottom, the
results are ordered as follows: With pose refinement (single hypothesis), With pose
refinement (multi hypothesis), and Pose Estimation without Refinement.

# Coarse Pose Est. Pose Refinement |Input | & & < Mean | Time(s)

With pose refinement (single hypothesis):

1 MegaPose MegaPose RGB 49.9 47.7 65.3 36.7 31.5 65.4 60.1 | 50.9 | 31.724
2 GenFlow GenFlow RGB 54.7 51.4 67.0 43.7 384 73.0 61.9 | 55.7 | 10.553
3 GigaPose MegaPose RGB 55.7 54.1 58.0 45.0 37.6 69.3 63.2 | 54.7 | 2.301
4 FoundPose MegaPose RGB 55.6 51.1 63.3 43.3 35.7 69.7 66.1 | 55.0 | 6.385
5 GigaPose GenFlow [35 RGB 59.5 55.0 60.7 47.8 41.3 72.2 60.8 | 56.8 | 2.213
6 GigaPose Co-op RGB 60.2 56.0 62.8 50.2 43.4 73.9 61.9 | 58.3 | 1.149
7 Co-op Co-op RGB 64.2 63.5 71.7 51.2 47.3 83.2 67.0 | 64.0 | 1.852
8 SAM-6D |: SAM-6D_]31] RGB-D| 69.9 51.5 90.4 58.8 60.2 77.6 84.5 | 70.4 | 4.367
9 Co-op [36 Co-op (36 RCGB-D| 71.5 64.6 90.5 57.5 58.2 85.7 87.4|73.6| 2.331
With pose refi t (multi hypothesis):

10 MegaPose MegaPose RGB 56.0 50.7 68.4 41.4 33.8 70.4 62.1 | 54.7 | 47.386
11 GenFlow GenFlow RGB 56.3 52.3 68.4 45.3 39.5 73.9 63.3 | 57.0 | 20.890
12 GigaPose MegaPose RGB 59.8 56.5 63.1 47.3 39.7 72.2 66.1 | 57.8 | 7.682
13 FoundPose MegaPose RGB 61.0 57.0 69.3 47.9 40.7 72.3 69.0 | 59.6 | 20.523
14 Co-op Co-op RGB 65.5 64.8 72.9 54.2 49.0 84.9 68.9 | 65.7 | 4.186
16 FoundationPose FoundationPose RGB-D| 75.6 64.6 92.3 50.8 58.0 83.5 88.9 | 73.4 | 29.317
15 Co-op [36] Co-op [36] RGB-D| 73.0 66.4 90.5 59.7 61.3 87.1 88.7 |75.2| 7.162
Pose Estimation without Refinement:

17 ZS6D RGB-D| 29.8 21.0 32.4

18 MegaPose B RGB-D| 22.9 17.7 25.8 15.2 10.8 25.1 28.1 | 20.8 | 15.465
19 GenFlow - RGB-D| 25.0 21.5 30.0 16.8 15.4 28.3 27.7 |23.5 | 3.839
20 GigaPose - RGB-D| 29.9 27.3 30.2 23.1 18.8 34.8 29.0 | 27.6 | 0.384
21 FoundPose RGB-D| 39.7 33.8 46.9 23.9 20.4 50.8 45.2 | 37.3 | 1.690
22 Co-op [36] B RGB 59.7 59.2 64.2 45.8 39.1 78.1 62.6 | 58.4 | 0.979
23 FreeZe [5] - RGB-D| 68.9 52.0 93.6 49.9 56.1 79.0 85.3 | 69.3 | 13.474
24 RGB 66.2 62.3 86.9 60.2 54.2 80.3

UFO0-6D(ours) - fpa s

0.3 84.1 | 70.6 0.379
25 RGB-D| 75.9 73.3 95.9 71.2 73.2 90.0 88.7 | 81.2 0.832

56]. For the model-free setup, we follow and select a small set of refer-
ence images with known poses from the training split of each dataset to construct
the object representation at test time. Our model is not trained on any images
from these datasets; training relies solely on synthetic data. Additional imple-
mentation details are provided in the appendix.

Metrics.

Model-based setup (BOP benchmark). For the model-based evaluation, we strictly
follow the BOP Challenge protocol [18[19,/49]. Pose accuracy is assessed using
three error functions: Visible Surface Discrepancy (VSD), Maximum Symmetry-
Aware Surface Distance (MSSD), and Maximum Symmetry-Aware Projection
Distance (MSPD). The overall performance is reported as the Average Re-
call (AR), which is the mean of the recall rates across these three metrics:
AR = (ARvysp + ARmssp + ARmsep) /3.
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Table 2: Model-free pose estimation results on YCB-Video measured by AUC of ADD
and ADD-S. “Finetune-free” indicates no fine-tuning on the target (test) instances.

Method ‘Ref. images‘Finetune-free‘ADD-S ADD
PREDATOR [21] 16 v 71.0 |24.3
LoFTR [47] 16 v 52.5 |26.2
FS6D-DPM |[16] 16 X 88.4 |42.1
FoundationPose [55| 16 v 97.4 |91.5

3 93.8 |86.1
UF0-6D (ours) 6 v 96.8 |91.0

12 97.6 (91.8

Model-free setup. For the model-free setting, we adopt the standard ADD and
ADD-S metrics |56]. We report the Area Under the Curve (AUC) of ADD and
ADD-S, following prior works [13L|16}/55].

4.2 Quantitative results

Model-based. Table[l|showcases the performance of UF0-6D on the seven core
BOP datasets under the zero-shot, model-based setting. For a fair comparison
with previous works [1,27)/35,38}/41], we adopt the default CNOS [37] detections.
Our single-stage, refinement-free UF0-6D establishes a new state of the art,
demonstrating a remarkable combination of accuracy and speed.

Specifically, our RGB-D variant achieves a mean AR of 81.2, significantly
outperforming all prior methods, including those that rely on computationally
expensive multi-hypothesis refinement pipelines like Co-op [36] (75.2 AR) and
FoundationPose [55] (73.4 AR). This result is a strong testament to the power of
our flow-based formulation, which can model complex pose distributions more
effectively than conventional coarse-to-fine approaches.

The RGB-only version of UF0-6D is equally compelling. With a mean AR of
70.6, surpassing recent works like FreeZe [5] (69.3 AR) and Co-op (coarse) [36]
(58.4 AR), but also outperforms strong RGB-D methods with dedicated re-
finement stages like SAM-6D [31] (70.4 AR). Crucially, this top-tier accuracy
is achieved with exceptional efficiency. Our RGB model is the fastest among all
high-performing coarse methods at just 0.379s, while our RGB-D model (0.832s)
remains significantly faster than refinement-based competitors.

Model-free. Table [2] presents our model-free pose estimation results on the
YCB-Video dataset. All methods are evaluated in a finetune-free setting, en-
suring a fair comparison of zero-shot generalization capabilities. Our UF0-6D
demonstrates exceptional data efficiency and accuracy. Notably, with only 12
reference views, our method achieves state-of-the-art performance (97.6 ADD-S
/ 91.8 ADD), surpassing FoundationPose [55] which requires 16 views.
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T-LESS LM-O

IC-BIN

YCB-V

GigaPose MegaPose SAM-6D Ours Ground Truth

Fig. 3: Qualitative comparison on core BOP datasets. UF0-6D (ours) achieves
precise alignment in a single stage without iterative refinement, outperforming Mega-
Pose [27], GigaPose [38], and SAM-6D [31] across LM-O, T-LESS, IC-BIN, and YCB-V.
Ground truth is shown for reference.

The ability to generate accurate poses from a compact geometric representa-
tion derived from minimal data demonstrates that UF0-6D is a highly practical
solution, obviating the need for dense reconstructions or the per-object fine-
tuning required by methods like FS6D [16].

4.3 Qualitative results

Comparison with other methods. Fig. [3| presents qualitative comparisons
on representative samples from the BOP benchmark |20].

Across datasets, UF0-6D produces more consistent 3D placements, partic-
ularly in challenging cases with heavy occlusion (LM-O, IC-BIN), textureless
objects and severe symmetries (T-LESS), and cluttered tabletop scenes (YCB-
V). More qualitative comparisons are provided in the appendix.

Visualizing the single-stage pose flow on SE(3). Fig.[d]visualizes the inter-
mediate poses along the ODE integration trajectory at ¢ € {0.0,0.2,0.4,0.6,0.8,1.0}.
We show results on the five BOP datasets that provide ground-truth annotations
for visualization. Starting from a base pose sample at t=0.0, UF0-6D progres-
sively transports the pose towards the high-probability region conditioned on
the observation, and the rendered object aligns increasingly well with the image
until reaching the final estimate at ¢t=1.0.
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TUD-L T-LESS IC-BIN LM-O

YCB-V

Fig. 4: Pose flow visualization. UF0-6D trajectory at t € {0.0,0.2,0.4,0.6,0.8,1.0}
on LM-O, T-LESS, IC-BIN, TUD-L, and YCB-V.

While the learned flow is robust under typical initialization noise, we observe
that UF0-6D may fail when the initial pose deviation is excessively large, leading
the trajectory to converge to an incorrect mode. Qualitative failure cases and
further analysis are provided in the appendix.

4.4 Ablation Studies and Analyses

Ablation on geometry conditioning components Our unified formulation
leverages an instance-specific conditioning vector ¢ that fuses evidence from the
query crop and the object representation (CAD- or reference-based templates),
cf. Eq. . To assess the contribution of each component to the learned posterior
flow on SE(3), as shown in Tab. we ablate the geometry conditioning by
selectively removing (i) query features F'9, (ii) object/template features F°, and
(iii) their geometric coordinates P, P°.

Key observations. (1) Both query and object features are essential. Re-
moving either F'? or F° causes a substantial performance drop, while removing
both features leads to a collapse (RGB: 70.6 —42.7, RGB-D: 81.2—55.4). This
indicates that UF0-6D does not merely learn a category-level pose prior; instead,
it relies on instance-conditioned evidence to shape the posterior flow, consistent
with the objective in Eq. (13).

(2) Query features contribute more than object features, especially
for RGB. Discarding F? degrades performance more than discarding F° (RGB:
—14.7 vs. —9.8; RGB-D: —12.1 vs. —8.3). We attribute this to F'? encoding
appearance-dependent cues (e.g., occlusion and illumination) that determine
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Table 3: Ablation on geometry conditioning vector c. Mean AR (%) on the
seven core BOP datasets [20]. We toggle the usage of query/object point coordinates
(P9,P°) and query/object features (F'¢, F°) in the cross-set encoder ¥.

Input ‘ Setting ‘ Conditioning inputs to ¥ AR 1

| | P4 F? P° Fo |

w/o both feats. v v 42.7

w/o query feat. v v 55.9

RGB | )6 object feat. | v v v 60.8
Full UF0-6D v v v 70.6

w/o both feats. v v 55.4

w/o query feat. v v v 69.1

RGB-D w/o object feat. v v v 72.9
Full UF0-6D v v v v 81.2

Table 4: Ablation on ODE integration steps on LM-O. AR is evaluated under
the standard BOP protocol [18/19,49]. Step=20 corresponds to our default setting used
in the main results (Tab. .

Input | ODE steps | AR 1 | Time (s) |

1 57.8 0.154
5 62.9 0.226

RGB 10 65.4 0.342
20 66.2 0.379

40 66.3 0.637

1 66.4 0.357

5 72.8 0.469

RGB-D 10 75.1 0.641
20 75.9 0.832

40 76.0 1.342

which pose modes remain plausible, whereas F'° primarily supports instance
identification and view-consistent geometric matching. The effect is stronger for
RGB due to the absence of depth constraints.

(3) RGB-D is more resilient to weakened conditioning but still
benefits from full fusion. Depth reduces ambiguity in translation and partially
constrains rotation, yielding higher AR than RGB even under ablations.

Effect of ODE Integration Steps UF0-6D performs single-stage inference by
integrating the learned probability-flow ODE on SE(3) (Eq. ) More integra-
tion steps improve numerical accuracy but increase runtime due to additional
network evaluations. Tab. [] shows a clear accuracy-speed trade-off. Using few
steps noticeably degrades AR (e.g., step=1 is —8.4 AR for RGB and —9.5 AR for
RGB-D compared to step=20). Accuracy increases with more steps but quickly
saturates: 20—40 steps yields only +0.1 AR for both inputs (RGB and RGB-
D) while substantially increasing runtime. Based on this observation, we use 20
ODE steps as default.
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5 Conclusion

In this paper, we presented UF0-6D, a unified, flow-based framework for zero-
shot 6D object pose estimation that eliminates the need for iterative refine-
ment. By reformulating pose estimation as learning a conditional Riemannian
probability flow directly on the SFE(3) manifold, we address the inherent chal-
lenges of multi-modality and symmetry without relying on the computational
burden of coarse-to-fine cascades or render-and-compare loops. Our approach
unifies model-based and model-free settings through a robust geometry condi-
tioning mechanism and leverages large-scale synthetic data to achieve strong
Sim2Real generalization. Extensive evaluations on the seven core datasets of the
BOP benchmark demonstrate that UF0-6D significantly outperforms existing
methods in both accuracy and inference speed. These results validate that theo-
retically grounded generative modeling on geometric manifolds offers a superior
alternative to traditional regression-and-refinement paradigms. UF0-6D offers a
scalable single-stage framework for robust open-world 6D pose estimation, en-
abling efficient deployment in latency-sensitive applications such as real-time
robotic manipulation and mixed reality.
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