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Abstract

Conditional flow matching has enabled a step forward in object 6D pose estimation,
achieving state-of-the-art performance by progressively denoising and registering object
representations to observed scenes. Existing methods require training task-specific en-
coders supervised on object-scene overlap and rely on trivial feature fusion strategies to
resolve pose ambiguities. We present FunFlow6D, a novel flow matching-based formula-
tion that leverages features from geometric and appearance foundation models for pose
estimation, eliminating the need for task-specific encoder training. We also introduce a
cross attention-based fusion mechanism that dynamically combines geometric and appear-
ance features to provide richer conditioning for the flow matching module. Experiments
on four datasets from the BOP benchmark show that FunFlow6D outperforms the previous
state of the art while reducing supervision requirements and memory overhead. Exten-
sive ablations validate the contribution of each proposed component. Project website:
https://tev-fbk.github.io/FunFlow6D/.

1 Introduction
Manipulating and interacting with objects in the physical world requires accurate geometric
localization. Estimating an object’s 6D pose (its position and orientation in the 3D envi-
ronment) is key for spatial applications like augmented reality [40], robotic grasping [24],
and automated assembly [50]. These tasks demand accuracy under clutter [9, 47] and oc-
clusions [3, 30]. In this work, we focus on model-based, instance-level 6D pose estimation
from RGBD data [19, 23, 26]. This setting assumes a prior 3D model of the object (CAD or
reconstructed mesh) and explicit supervision over a closed set of predefined objects. Tradi-
tional approaches [12, 26, 41, 45] cast this as a direct regression problem. Recent work [11],
instead, formulates pose estimation as iterative denoising via conditional flow matching
(CFM) [18, 42], which needs fewer integration steps than diffusion [25], trains more stably,
and follows deterministic trajectories [22]. The flow model learns a displacement field that
transports Gaussian noise onto the object’s 3D model, making CFM-based pose estimation
inherently a registration problem. The flow routes each noisy scene point toward a target point
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Figure 1: FunFlow6D estimates object 6D poses from input data (image + 3D model)
via flow matching over multimodal foundational features (left). It advances over previous
state-of-the-art on two fronts. First, it removes the need to train a task-specific encoder with
object-scene overlap supervision (right, pink). Second, instead of relying on predefined fusion
schemes such as point-wise summation, it learns how to optimally fuse multimodal features
from frozen foundation models during flow matching (right, azure). As a result, FunFlow6D
achieves higher accuracy in a single training phase while requiring less supervision.

on the CAD surface. This routing is driven by per-point conditioning features, which enable
point-to-point matching and must satisfy three properties: (1) Geometric distinctiveness:
points on different surface neighborhoods must produce different features, otherwise the
flow cannot route them apart. (2) Local structure preservation: nearby points must remain
distinguishable even in a reduced-dimensional space, for tractability. (3) Adaptive fusion:
conditioning must account for the fact that geometric and semantic cues are informative at
different points.

State-of-the-art methods [11, 42] lack these properties. They condition the flow with an
overlap-aware encoder [42, 46] trained to predict per-point visibility between the object’s 3D
model and the observed scene. However, overlap may fail to encode local 3D structures. We
find that correspondences derived from overlap features yield only an average of 3.5 inliers
on LM-O [3], indicating that the vast majority of the geometric cues used to condition the
flow matching stage are unreliable. The overlap encoder also requires retraining for each new
object, tying conditioning quality to per-instance supervision. In contrast, handcrafted [37,
38] and learned [7, 8, 10, 35] descriptors trained at scale are explicitly designed to be
discriminative of local 3D structure and to generalize across shapes. These descriptors [10,
35] yield substantially higher inlier ratios than overlap-based features. A 3D descriptor
is therefore a more natural fit for the conditioning signal. A separate limitation concerns
feature dimensionality: both supervised [11] and unsupervised [5, 6, 32] methods reduce
DINOv2 [31] features with PCA [27] to match the dimensionality of the geometric branch.
Being linear and unsupervised, PCA preserves the directions of highest global variance
across the dataset, but this criterion is not necessarily aligned with what makes two nearby
points distinguishable from one another. As a result, directions that carry little variance
overall but are locally discriminative, exactly the kind of fine-grained structure per-point
conditioning depends on, can be discarded, creating an information bottleneck that limits how
well nearby points can be told apart after reduction. Finally, Flose [11] combines appearance
and overlap features via point-level summation, which treats semantics and geometry as
equally informative at every point. However, the informative modality varies across the object:
textured regions rely on semantics, while geometrically distinct regions rely on shape.

We propose FunFlow6D (foundational feature fusion for conditional flow matching in 6D
pose estimation), a CFM-based method that meets all three conditioning requirements. For
geometric distinctiveness, we condition the flow on frozen dGeDi [10] features that are aware
of local 3D structure and generalize well to unseen objects. This raises the average number of
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inliers from 3.5 to 7.0 on LM-O (a� 2� increase), without requiring any per-instance training.
For local structure preservation, we project frozen DINOv2 features with UMAP [28] instead
of PCA. UMAP is non-linear and explicitly preserves local neighborhoods, retaining task-
relevant information that PCA may discard. This raises the average number of inliers from 3.2
to 25.6 on LM-O (an� 8� increase), at the same target dimensionality. For adaptive fusion,
we combine the two feature modalities with a learnable cross-attention gating module [36].
The module attends across modalities and learns per-point gates that determine how much
each modality contributes. This adapts the conditioning to the local structure of each object
and enables richer cross-modal interaction than the point-wise summation used by Flose [11].
We evaluate FunFlow6D on four datasets from the BOP benchmark, covering diverse object
categories, occlusion levels, textures, and clutter conditions. FunFlow6D outperforms state-of-
the-art methods while halving the number of trained parameters and removing the per-instance
pre-training requirement.

In summary, our contributions are:

• We condition �ow matching for 6D pose estimation on robust correspondence signals
extracted from a frozen, zero-shot geometric encoder, providing more discriminative
conditioning features without requiring per-instance �ne-tuning.

• We leverage UMAP to reduce the dimensionality of semantic features while preserving
their local neighborhood structure, retaining task-relevant information that PCA's linear
projection would discard.

• We introduce a gated-attention feature fusion module that adapts the �ow matching
conditioning to local object structure and promotes richer interaction between semantic
and geometric cues.

2 Related work

Instance-level 6D pose estimation methods leverage explicit supervision on a closed set of
known objects to estimate their 6D poses. Model-based approaches split into indirect meth-
ods, which establish dense correspondences before solving for the pose, and direct methods,
which regress the transformation end-to-end. Indirect methods cast pose estimation as dense
coordinate or feature regression [3, 34], increasingly enriched by learned surface represen-
tations: SurfEmb [12] learns continuous surface embeddings, ZebraPose [41] introduces a
coarse-to-�ne surface encoding, and HccePose(BF) [45] extends this encoding to back-facing
geometry for ultra-dense 2D–3D correspondences. Complementary re�nement [17, 20, 23]
and hybrid [19] pipelines improve robustness but remain bound by correspondence quality
and degrade under occlusion and texture loss. Direct methods regress poses end-to-end on
theSE(3)manifold. GDR-Net [44] and GDRNPP [26] couple geometric supervision with
differentiable PnP, achieving state-of-the-art results on the BOP benchmark [16]. Genera-
tive formulations, instead, model the full pose posterior, leveraging advances in denoising
diffusion [14] and �ow matching [22]. They split into two families: those that learn a �ow
directly on theSE(3)manifold, and those that transport points inR3 and recover the rigid
transformation in closed form from the resulting correspondences. SE(3)-PoseFlow [18]
follows the former one, learning a �ow onSE(3)for uncertainty-aware manipulation. Recti-
�ed Point Flow [42], GARF [21], and Register Any Point [33] belong to the latter, applying
�ow matching for registration and assembly inR3. Closest to our work, Flose [11] casts
instance-level 6D pose estimation as conditional �ow matching that transports Gaussian
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noise onto the object's CAD surface, bypassing correspondence estimation and improving
robustness to clutter and occlusion. However, Flose conditions the �ow on an overlap-aware
encoder that requires retraining for every new object, reduces DINOv2 features with PCA,
and fuses geometric and semantic cues by point-wise summation. In contrast, FunFlow6D
conditions �ow matching on a frozen zero-shot 3D local descriptor to enable unseen-object
generalization, introduces the use of UMAP [28] to preserve local neighborhood structure, and
combines appearance and geometric cues through a learned cross-attention gating module.

Per-point descriptors for 6D pose estimation. Correspondence-based and generative pose
estimation methods recover the rigid transformation by matching or transporting the scene
points to model points, respectively. Therefore, per-point descriptors must be discriminative
over local surface neighborhoods and generalize to unseen objects without retraining. Foun-
dation models trained at scale provide this signal, and divide into appearance and geometric
encoders. Appearance encoders are trained on large-scale RGB data with self-supervised
objectives. DINOv2 [31] outputs semantically-rich features, robust to illumination and view-
point, and transferable to dense prediction without �ne-tuning. It serves as a frozen backbone
in both RGB [32] and RGBD [5, 6] pose estimation pipelines. Appearance features disam-
biguate textured regions but are uninformative about 3D structure: geometrically distinct
points with similar texture share near-identical descriptors. Geometric encoders are trained
on 3D data to encode local surface structure. GeDi [35] learns generic and distinctive 3D
descriptors with a PointNet++ backbone, achieving rotation invariance through local reference
frames and generalizing across indoor, outdoor, and object-level scans. dGeDi [10] distills
GeDi into a PTV3 [46] backbone that retains its discriminability by achieving higher inlier
ratio than GeDi, while making inference faster. The two modalities are complementary.
FunFlow6D conditions �ow matching jointly on DINOv2 [31] and dGeDi [10] features, and
removes the training phase and overlap supervision required by the overlap-aware encoder.

Feature fusion for 6D pose estimation combines individual feature modalities into a uni�ed
representation. Existing approaches can be divided into training-free and training-based
methods. Training-free fusion combines the two modalities using closed-form operations.
FreeZe [5, 6] concatenates semantic and geometric features along the channel dimension
for training-free pose estimation. Flose [11] uses point-wise summation to preserve the
feature dimensionality required by the pre-trained backbone [42]. Both fusion schemes
are non-parameterized and treat the two modalities as equally informative at each point,
with no mechanism to suppress unreliable cues or adapt the contribution of each modality
independently. Training-based fusion relaxes these constraints by learning the optimal fusion
strategy from data. Standard cross-attention [43] aggregates information across modalities
but lacks an explicit per-point suppression mechanism. Gated attention variants [36] address
this limitation by applying a head-speci�c sigmoid gate to the attention output, introducing
input-dependent sparsity that selectively preserves or suppresses features on a per-point
basis, with demonstrated gains in expressiveness and training stability. FunFlow6D fuses
appearance- and geometry-aware features through a learned cross-attention gating module:
cross-attention establishes per-point interactions between the two modalities, while a sigmoid
gate determines how much each cue contributes at every point. Unlike concatenation or
summation, our fusion strategy adapts to local object structure; unlike plain cross-attention, it
can suppress unreliable modalities on a per-point basis.
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Figure 2: Overview of FunFlow6D. Given the canonical query point cloudQ and an
RGBD imageI as input (top left), FunFlow6D recovers the 6D object pose(R; t) (bottom
right) through three stages: feature extraction, generative denoising, and pose estimation.
Throughout,Q acts as a static anchor and the �ow operates only on the targetT , lifted from
the masked depth ofI . Feature extraction: A frozen geometric encoderF (dGeDi) and a
frozen semantic encoderQ (DINOv2, reduced via UMAP) produce per-point descriptors
that are fused by a bidirectional gated cross-attention module (right inset) intoFQ ;FT .
Colors encode feature similarity: corresponding regions acrossQ andT share similar colors.
Generative denoising: A conditional �ow-matching networkY W (DiT), conditioned on
FQ ;FT , learns a velocity �eld that canonicalizesT into T̂ while the anchor velocities are
zeroed. Pose estimation: The �ow-induced correspondences betweenT andT̂ yield the
camera-to-canonical transform via a RANSAC-based orthogonal Procrustes solver followed
by ICP, and the pose (R; t). � denote frozen modules, while \ indicate trainable ones.

3 Method

3.1 Problem formulation and Overview

Problem formulation. Let I 2 RH�W�4 denote an RGBD observation of a given scene and
Q 2 R N�3 the dense point cloud of a known query object in its canonical reference frame.
Our primary objective is to recover the rigid transformation T2 SE(3), parameterized by a
rotation R2 SO(3) and a translation t2 R3, that mapsQ from its canonical frame into the
camera coordinate system. To isolate the object of interest within the cluttered scene, we
assume the availability of a binary segmentation mask M2 f0;1g H�W . By applying M to
the depth channel of I and back projecting the valid pixels into 3D space using the camera
intrinsic matrix K 2 R3�3 , we obtain the target point cloudT 2 RM�3 , expressed in the


