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Abstract. Estimating the 6D pose of objects unseen during training
is highly desirable yet challenging. Zero-shot object 6D pose estimation
methods address this challenge by leveraging additional task-specific
supervision provided by large-scale, photo-realistic synthetic datasets.
However, their performance heavily depends on the quality and diversity
of rendered data and they require extensive training. In this work, we show
how to tackle the same task but without training on task-specific data.
We propose FreeZe, a novel solution that harnesses the capabilities of
pre-trained geometric and vision foundation models. FreeZe generates dis-
tinctive 3D point-level descriptors by combining 3D geometric descriptors
learned from unrelated 3D point cloud datasets and 2D visual features
learned from web-scale 2D image collections. We then estimate the 6D
pose of unseen objects via RANSAC-based 3D registration. We also in-
troduce a novel algorithm based on visual features to resolve ambiguities
caused by geometrically symmetric objects. We comprehensively evaluate
FreeZe across the seven core datasets of the BOP Benchmark, which
include over a hundred 3D objects and 20,000 images captured in various
scenarios. FreeZe consistently outperforms all state-of-the-art approaches,
including competitors extensively trained on synthetic 6D pose estimation
data. Code is publicly available at andreacaraffa.github.io/freeze.

Keywords: Object 6D pose estimation · Geometric foundation models ·
Vision foundation models · Zero-shot learning

1 Introduction

In our daily interactions, we easily manipulate objects around us, whether by
grasping a mug or pouring water into a glass, thanks to our subconscious ability
to locate them in the real world. In the realm of machine vision, this task
is formalized as object 6D pose estimation, which involves determining the
rotation and translation of an object within a scene, relative to the camera’s
reference frame. This becomes key for real-world applications such as robotic
manipulation [35,62], augmented reality [50], and autonomous driving [24].

Object 6D pose estimation approaches can be divided into different categories
based on the available information about the object of interest. The first catego-
rization is between model-based and model-free methods: the former require the
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Fig. 1: FreeZe is designed for zero-shot object 6D pose estimation, which involves
estimating the pose of an unseen 3D object within a 3D scene (e.g . posing the dragon
3D model within the RGBD image displayed in the center). Unlike most competitors,
our approach eliminates the need for extensive training or the generation of large-scale
tailored datasets (depicted on the left). Instead, FreeZe builds features suitable for 3D
registration by fusing 3D geometric features with 3D-lifted 2D visual features extracted
from two separate frozen pre-trained foundation models.

object’s 3D model as input [3, 6, 37, 53], while the latter relax this assumption
and only require a set of reference views [15,21] or a video [19,51] of the object.
The second distinction lies among instance-level, category-level, and zero-shot
methods. Instance-level methods [43, 47,53] perform pose estimation for specific
object instances seen during training (e.g . a particular type of drill) but do not
generalize well to unseen objects. Category-level methods [11,18,29,34] generalize
to different object instances within a category (e.g . different types of drills) but
do not generalize well to unseen object categories. Zero-shot methods [3, 28,42]
address the generalization challenge by performing pose estimation for both
unseen objects and categories. This capability facilitates real-world application
deployment, eliminating the need to repeatedly retrain pose estimators for every
new object encountered within the application’s context.

Our work focuses on the model-based zero-shot setting. Within this context,
most competitors resort to extensive training on large-scale pose estimation
datasets, which are meticulously generated to meet specific criteria that fulfill
the zero-shot paradigm. For example, MegaPose [28] utilizes physically-based
rendering techniques to generate a synthetic dataset comprising two million
images encompassing 20,000 distinct objects. However, these methods face two
main limitations: firstly, their performance heavily relies on the quality and
diversity of the rendered data, and secondly, their training process demands
considerable time and resources. Therefore, we aim to answer this fundamental
question: Do we really need task-specific training in the foundation models era? To
answer No! to this question, we propose a novel training-free zero-shot approach,
FreeZe for short, that harnesses the capabilities of pre-trained geometric and
vision foundation models without requiring any additional training (Fig. 1). As
geometric foundation model we use GeDi [45], which has been trained on 3D
point cloud data of indoor scenes, while we use DINOv2 [41] as vision foundation
model, which has been trained on web-scale 2D images using self-supervision.
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FreeZe comprises four modules: feature extraction, feature fusion, pose estimation,
and pose refinement. During feature extraction, we first compute 3D geometric
features for the input object’s 3D model using a frozen GeDi, and 2D visual
features from the scene’s input image using a frozen DINOv2. To compute 2D
visual features for the object’s 3D model, we feed DINOv2 with 2D images
rendered from different viewpoints around the object. To compute 3D geometric
features for the scene, we feed GeDi with a 3D point cloud obtained by 3D-lifting
the input depth. During feature fusion, we compute distinctive 3D point-level
features by concatenating and normalizing geometric and visual features. The
fused features are more discriminative as they encode both geometric and visual
characteristics, providing a richer and more comprehensive representation. During
pose estimation, we use RANSAC to establish valid correspondences between the
3D points of the object and the 3D-lifted scene. In case of geometrically symmetric
objects, we further refine the pose with a novel Symmetry-Aware Refinement, SAR
for short, based on DINOv2 visual features. We comprehensively evaluate FreeZe
using the seven core datasets of the BOP Benchmark [1], which include LM-O [4],
T-LESS [22], TUD-L [23], IC-BIN [12], ITODD [13], HB [26], and YCB-V [55].
Together, these datasets encompass over a hundred objects and 20,000 images,
spanning a wide range of scenarios (e.g . industrial vs ordinary environments) and
types of noise (occlusions, variations in illumination, texture-less or symmetrical
objects, cluttered scenes). FreeZe consistently outperforms all state-of-the-art
approaches, including competitors extensively trained on large-scale synthetic
pose estimation data. In summary, our contributions are:
– We are the first to effectively leverage the synergy between geometric and

vision foundation models for the task of 6D pose estimation of unseen objects;
– We perform 6D pose estimation without requiring any task-specific training,

resulting in a versatile solution that can be easily integrated with foundation
models that may emerge in the future;

– We establish state-of-the-art performance on the BOP Benchmark, outperform-
ing other competitors by a significant margin without requiring any training
on task-specific data.

2 Related work

3D deep descriptors are typically used for generic point cloud registration
problems [9,45]. Corsetti et al. [10] showed that these descriptors can be adapted
to the challenge of object 6D pose estimation. Deep descriptors can be based on
a Local Reference Frame (LRF), which transforms a local set of points (patch)
into a canonical representation to achieve rotation and translation invariance [56].
Canonicalized points are then processed by a neural network to produce a compact
descriptor as output. Methods in this category include G3DOA [58], which utilizes
multi-scale cylindrical convolutions; WSDesc [30], based on voxelization layers
that learn the optimal voxel neighborhood size; Li et al. [31], which employs
multi-view differentiable rendering; and GeDi [45], which processes canonicalized
points with a PointNet++ [46] network. Deep descriptors can also be computed
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without relying on a LRF. Methods in this category include SpinNet [2], which
processes points projected on a cylindrical kernel using 3D cylindrical convolutions;
FCGF [9], based on sparse convolutions for learning point-level 3D descriptors;
and PREDATOR [25], which uses an attention mechanism to handle low-overlap
point clouds. These descriptors are tailored for registering point clouds of similar
types, dealing with structures of points that differ significantly from those found in
object 6D pose estimation benchmarks [14,57]. In our work, we have successfully
employed these types of descriptors to establish new state-of-the-art results in
object 6D pose estimation.

2D vision foundation models, including CLIP [48], DINOv2 [41], Image-
Bind [16], and Segment Anything Model (SAM) [27], can be employed across
a range of tasks and domains. CLIP [48] connects visual concepts with textual
descriptions using a ViT as image encoder and a GPT-like Transformer as textual
encoder, respectively. DINOv2 [41] adopts self-supervised training on large-scale
unlabeled data, introducing a patch-level objective to capture fine-grained image
details. ImageBind [16] integrates data from six distinct modalities into a shared
feature space. This integration is accomplished using only image-paired data,
eliminating the need for exhaustive cross-modal combinations. SAM [27] performs
object segmentation using visual prompts such as single points, point sets, or
bounding boxes. SAM demonstrates strong generalization capabilities, effectively
segmenting unseen objects across diverse contexts. Although CLIP has been
previously employed for zero-shot point cloud understanding [44,61], where visual
features are transferred to 3D points for downstream tasks, to the best of our
knowledge, there are no existing object 6D pose estimation methods that lift 2D
visual features to 3D point clouds. In this work, we successfully achieve this by
using DINOv2 visual features to boost geometric features for registration, and
for effectively disambiguating poses of geometrically symmetric objects.

Zero-shot object 6D pose estimation methods, while less numerous com-
pared to fully supervised [20,32,53] or few-/one-shot learning approaches [5,17,51],
are gaining attention. ZePHyR [40] generates a set of candidate poses for the
objects and selects the best one based on point-level differences in color and
geometry. MegaPose [28] estimates object poses by rendering multiple views of
the object’s 3D model and selecting the view that best aligns with the input image
using a classifier. ZeroPose [6] uses multi-resolution geometric features to match
regions between the scene’s 3D point cloud and the object’s 3D model. Nguyen et
al. [39] extracts local features to match the input image against rendered object
templates. Similarly, ZS6D [3] matches DINOv2 [41] visual features against a
database of features extracted from rendered object templates, and then performs
pose estimation using a RANSAC-based PnP algorithm. SAM6D [33] generates
mask proposals from images using SAM and ranks them based on a combined
score of semantics, appearance, and geometry against rendered object templates.
Best proposals are then matched using 3D-3D correspondence matching. A coarse
point matching stage uses sparse correspondences to estimate the initial pose,
followed by a fine point matching stage that refines it using sparse-to-dense Point
Transformers. GigaPose [37] renders templates to extract dense features using
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ViT and then finds the best template using fast nearest neighbour search in the
feature space. On top, two lightweight MLPs estimate 2D scale and in-plane
rotation from a single 2D-2D correspondence using local features. FoundPose [42]
leverages a bag-of-words of DINOv2 descriptors to shortlist similar templates.
2D-3D correspondences are then established among query and the selected tem-
plates using DINOv2 patch-level features. FoundationPose [54] offers a unified
approach for pose estimation and tracking in both model-based and model-free
scenarios. The process starts with a coarse pose, refined by a Transformer-based
architecture. The refined pose hypotheses are then evaluated by a pose selection
network using a hierarchical comparison and a pose ranking encoder trained on
pose-conditioned triplet loss. The strong generalizability of FoundationPose is
achieved through extensive training on large-scale synthetic data augmented via
Large Language Models (LLMs).

Unlike existing zero-shot 6D pose estimation approaches, FreeZe utilizes frozen
deep neural networks that have been pre-trained on diverse tasks. FreeZe can
utilize point cloud descriptors that were trained for point cloud registration,
such as GeDi, and image feature extraction networks that were self-supervised
on large-scale web data, such as DINOv2. FreeZe is designed to be adaptable,
allowing for the incorporation of new state-of-the-art feature representation
methods as they become available in the future, without requiring re-training
on specific data, all while maintaining the core methodology. FoundationPose
leverages LLMs to generate synthetic training data at scale. We take a step
forward, and by utilizing recent geometric and vision foundation models, we
eliminate the need for any training data at all. Unlike concurrent training-free
works, ZS6D and FoundPose, which use visual features to establish 2D-2D and
2D-3D correspondences respectively, we exploit the depth information of the
scene to work with 3D-3D correspondences. Moreover, we leverage not only vision
foundation models but also geometric ones, demonstrating their synergy.

3 Our approach

3.1 Overview

Given the 3D model of a query object Q and an RGBD image I ∈ RH×W×4

capturing Q, our goal is to find the 6D pose of Q with respect to the reference frame
of the camera that acquired I. Let the target object T be the instance of Q captured
in I, our goal is to estimate the 6DoF transformation T = (R, t) that relates Q
to T , where R ∈ R3×3 and t ∈ R3 are the rotation and translation components.
We address the problem by leveraging geometric and vision foundation models to
compute features for Q and T , and by estimating T from 3D-3D correspondences
(Fig. 2). To process Q, we sample N points from the surface of its 3D model to
generate a point cloud PQ ∈ RN×3 from which we compute point-level geometric
features through a frozen pre-trained geometric encoder Ψ . Concurrently, we
render templates of Q from different viewpoints, which we feed to a frozen
pre-trained vision encoder Φ to compute pixel-level visual features that we
subsequently back-project onto PQ (Sec. 3.2). To process T , we locate it in
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Fig. 2: Overview of FreeZe. Left-hand side: We render templates from different view-
points around the query object’s 3D model to extract multi-view visual features, which
we back-project and aggregate onto the object’s point cloud. Concurrently, we extract
geometric features from the object’s point cloud, which we then fuse with the visual
features. Right-hand side: We compute visual features (from the RGB channels) and
geometric features (from the depth channel) of the target object imaged in the input
crop, and fuse the two as before. Although the query and target objects are from two
different modalities (a 3D model the former, and a RGBD image the latter), we employ
the same vision and geometric encoders to compute their features. Lastly, we input the
fused features to a registration algorithm based on feature matching to estimate the
object 6D pose. The color heatmaps used for the features are generated by reducing
feature dimensionality with t-SNE [36]. The symbol ⊕ indicates feature concatenation.

I using the segmentation masks estimated by a zero-shot object detector. We
generate a point cloud from the pixels belonging to the mask by using I’s depth
channel and the camera’s intrinsic parameters. We sample M points to get
PT ∈ RM×3 and we compute geometric features for these points. Concurrently,
we compute pixel-level visual features from I’s RGB channels and back-project
them onto PT (Sec. 3.3). The geometric and visual features, for both Q and T , are
fused together (Sec. 3.4) and used to perform 3D-3D matching and registration
(Sec. 3.5). Finally, we refine the pose using our novel SAR algorithm (Sec. 3.6).

3.2 Query object processing

We process PQ with the geometric encoder Ψ to obtain the geometric features
GQ = {gQ

n }Nn=1 = Ψ(PQ), where gQ
n ∈ RG is the G-dimensional feature of the

n-th point of Q. We compute the visual features of Q by rendering RGBD images
of the textured 3D model of Q from R different viewpoints, to obtain the set
{Ir}Rr=1. We also render the associated object segmentation masks, which we use
to crop the portion IQr of Ir occupied by Q. We process the RGB channels of
IQr with the vision encoder Φ to generate pixel-level3 visual features VQ

r which
are then back-projected onto the 3D model, and associated with PQ’s points as

3 We use DINOv2 [41] as Φ, which outputs a 16×16 grid of patch-level features, hence
we apply bilinear interpolation to convert patch-level to pixel-level features.
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follows. First, we compute the correspondences between the RGB pixels of IQr and
the points of PQ. We convert the depth channel of IQr into a viewpoint-dependent
point cloud PQ

r using the renderer’s camera intrinsic parameters, and employ
nearest neighbour search between the points of PQ

r and PQ. Then, we leverage
this correspondence map to associate the visual features VQ

r extracted from the
r-th rendered image IQr to the points of PQ. Lastly, we aggregate multi-view
features {VQ

r }Rr=1 into a single set VQ = {vQ
n }Nn=1 by averaging the contribution

of each viewpoint as vQ
n =

∑R
r=1 vQ

r,n/R.

3.3 Target object processing

Localisation. We use a zero-shot object segmentation algorithm, such as
CNOS [38] or SAM6D [33], to localise T within I. These methods leverage
the zero-shot transfer capabilities of SAM [27] (or FastSAM [59]) to generate
region proposals within I, and compare them against object templates derived
from the textured 3D model of query object. They produce a set of masks with
confidence scores based on the visual feature similarity with the object templates.
We experimentally observed that these methods are not well calibrated, as more
accurate segmentation masks might receive lower confidence scores. Hence, we
keep the most confident masks as possible target object candidates. For each
candidate, we also extract the smallest bounding box IT ∈ I containing the mask.
Feature extraction. We compute the geometric features of T by processing
PT with Ψ . Let gT

m ∈ RG be the feature of the m-th point of T , and GT =
{gT

m}Mm=1 = Ψ(PT ) be the set of features of T , where M is the number of points.
We compute pixel-level features VT from the input crop IT with Φ. Associating
VT with the points of PT is more straightforward than the process required for
the query object. Leveraging the one-to-one correspondences between the pixels
of the RGB crop and the depth, we can easily transfer pixel-level features VT

to the points of PT forming the set VT = {vT
m}Mm=1. Despite Φ processes both

foreground and background pixels, we only transfer foreground features to PT .

3.4 Geometric and visual feature fusion

We fuse geometric and visual features through concatenation for both Q and T .
First, we apply L2 normalization to GQ

(
GT

)
and VQ

(
VT

)
independently to

account for potential differences in norms and to balance their contribution in
the final feature. Specifically, the features we produce have the following form:

FQ = {fQn }Nn=1 =

{[
gQ
n

∥gQ
n ∥2

∣∣∣∣ vQ
n

∥vQ
n ∥2

]}N

n=1

,

FT = {fTm}Mm=1 =

{[
gT
m

∥gT
m∥2

∣∣∣∣ vT
m

∥vT
m∥2

]}M

m=1

,
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where fQn , f
T
m ∈ RG+V , [·|·] denotes concatenation, and ∥·∥2 the L2 norm operator.

We found this simple fusion strategy to work well in practice. However, alternative
fusion strategies could also be effective, and we leave this for future exploration.

3.5 Pose estimation

We employ an off-the-shelf registration algorithm based on 3D-3D feature match-
ing, like RANSAC [8], to robustly estimate the coarse transformation Tc from
the pair ((PQ,FQ), (PT ,FT )). RANSAC operates by sampling triplets of points
from PQ, and searching for their corresponding points in PT by performing
a nearest neighbour search within the fused feature space. False matches are
pruned, while true matches are utilised to compute the transformation (R, t),
thereby registering PQ to PT , i.e. PQR + t ≈ PT . The pair (R, t) represents
the predicted 6D pose of Q. We estimate the pose for each possible candidate T
and retain the one with the highest number of registration inliers.

3.6 Symmetry-aware refinement

We use the Iterative Closest Point (ICP) algorithm [7] to refine Tc at point level
and obtain a finer transformation Tf. Then, we use visual features computed by Φ
to solve pose ambiguities that may arise from geometric symmetries. Specifically,
we address the problem by introducing SAR, a novel pose refinement based
on rendering and visual features matching. SAR aims to adjust the pose of
geometrically symmetric objects for which the estimated pose would be correct
without considering the texture, i.e. when PQ and PT match, but their textures do
not. SAR incorporates photometric information through visual features, ensuring
optimal solutions both geometrically and photometrically.
Symmetry estimation. We estimate the object’s geometric symmetries, i.e.
regardless of texture. We build a set of rotation matrices by uniformly sampling the
rotation space. The estimated symmetries are the set of rotations {Rs ∈ SO(3)}S
that minimize the Chamfer distance [60] between RsPQ and PQ.
Symmetry selection. We render the RGB images {Is}Ss=1 depicting the 3D
model of Q in the poses {Tf ◦ Rs}Ss=1. We use the bounding boxes defined in
Sec. 3.3 to crop images {ITs }Ss=1. We then process {ITs }Ss=1 with Φ to produce
visual features {Vs}Ss=1. The best candidate is selected by computing the cosine
similarity between {Vs}Ss=1 and the intermediate patch-level visual features VT

that we computed in Sec. 3.3. With Φ being a Transformer, we observed that
patch-level features are more informative than the class token to encode pose
information, a conclusion also supported in [38]. Moreover, as both visual features
coming from IT and Is are at patch-level, we use them as they are. Instead, in
Sec. 3.3, we needed to map features to points, hence we augmented patch-level
features to pixel-level features. Fig. 3 shows an example of SAR. Starting from an
inaccurately estimated pose, we render images of the object posed according to
its estimated symmetries. We compute the patch-level cosine similarity between
the visual features of the input crop and the rendered images. Symmetry no. 3
exhibits a higher similarity score (+30%), enabling us to correct the initial pose.
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Initial pose Sym. 0 (Id) Sym. 1 Sym. 2 Sym. 3

Input crop

Score 0.36 0.36 0.35 0.47 ✓
−0.1

+1

Fig. 3: Example of Symmetry-Aware Refinement (SAR). We adjust the initial pose
prediction (top left corner) by comparing the input crop (bottom left corner) with
images rendered considering the estimated object’s symmetries (first row). Sym. 0 (Id)
represents the identity transformation and its rendered image is obtained considering
only the initial pose. By computing the patch-level cosine similarities for each candidate
(second row, red-white-blue colors), and averaging them to obtain a global score (third
row), we can finally select the best candidate as the one with the highest score (✓).

4 Experiments

4.1 Experimental setup

We randomly sample N = 5K points for the query object, and M = 1K for
the target object. We use the segmentation masks estimated with CNOS [38]
and SAM6D [33] to localize the object within the input image. As geometric
encoder we use GeDi [45], a geometric feature extractor for point clouds with
strong generalization capability across different applications domains. To capture
geometric details at different scales, we extract 32-dimensional GeDi features
from local neighbours occupying 30% and 40% of the object’s diameter, and
concatenate them to obtain the final 64-dimensional geometric features. As
vision encoder we use the ViT-giant version of DINOv2 [41]. DINOv2 is a
vision foundation model trained through self-supervision on large-scale web data.
DINOv2 processes images of size 224×224, and its ViT-giant version outputs
1536-dimensional features. We then apply PCA to reduce their dimensionality to
V = 64, for both efficiency and to match dimensionality of geometric features.

4.2 Datasets

We evaluate FreeZe on the seven core datasets of the BOP Benchmark [52]:
LM-O [4], T-LESS [22], TUD-L [23], IC-BIN [12], ITODD [13], HB [26], and
YCB-V [55]. Each dataset provides both 3D models and test RGBD images.
Object types. T-LESS and ITODD contain industrial objects, such as electrical
and mechanical items, with planar sides, sharp edges, and hollow parts. The
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other datasets contain ordinary objects, such as food packages, toy models, and
stationery items, with finer geometric details and smooth boundaries. Industrial
objects are provided as CAD models, while the 3D models of ordinary objects
are reconstructed from images acquired with RGBD sensors. Number of in-
stances. LM-O, TUD-L, HB, and YCB-V contain at most one instance per
object, while the other datasets contain multiple instances. ITODD contains on
average 4 instances per object, except a few images that contain 84 instances
per object. T-LESS and IC-BIN contain on average 1.3 and 9 instances per ob-
ject, respectively. Photometric information. T-LESS and ITODD objects are
texture-less. LM-O, TUD-L, and HB objects have mostly uniform colors. IC-BIN
and YCB-V objects have rich textures. Noise levels. TUD-L contains a single
object per scene with difficult light conditions. LM-O scenes are highly cluttered
(other objects are present) and feature occlusions. IC-BIN scenes contain several
instances of the same object, thus featuring different levels of occlusions and a
high localization ambiguity. The other datasets contain mildly occluded objects.

4.3 Metrics

We evaluate the accuracy of pose estimation using the default metrics of the
BOP Benchmark [52], which are VSD, MSSD, and MSPD. These metrics assess
different errors between the two models obtained by applying the predicted and
ground-truth poses. VSD measures the discrepancy between the depth maps after
rendering. MSSD and MSPD measure the maximum Euclidean distance and
the maximum reprojection error between their points, respectively. Both MSSD
and MSPD take into consideration symmetries, by assuming the minimum value
reached across all symmetrically equivalent ground-truth poses. For each dataset,
we report the average of the three metrics, namely the Average Recall (AR).

4.4 Quantitative results

Tab. 1 reports results and comparative analyses with previous and concurrent
published works on the seven core datasets of the BOP Benchmark. All the
reported methods use a localization prior estimated in a zero-shot fashion, i.e.
for a fair comparison, we only report methods that operate in the same setting as
ours. The table is divided into two sections: the top part lists methods with CNOS
localization priors, while the bottom part assumes SAM6D localization priors.
For completeness, the table also includes RGB-only methods, although they are
not directly comparable. FreeZe consistently outperforms all the works by a
considerable margin. Specifically, when comparing with methods using CNOS
masks and not using any pose refinement, FreeZe achieves +8.6% over the second-
best method SAM6D [33] (row 5). When comparing against methods using CNOS
masks and pose refinement, FreeZe outperforms the second-best method SAM6D
(row 12) by +6.1%. We can observe a significant improvement in TUD-L, where
FreeZe achieves a +8.5% with respect to MegaPose [28] (row 11) and a +13.6%
with respect to SAM6D (row 12). TUD-L is renowned as a dataset featuring
exceptionally challenging lighting conditions. In this context, FreeZe stands out
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Table 1: Results on the BOP Benchmark datasets. We report the AR score on each
of the seven core datasets of the BOP Benchmark and the mean AR across datasets.
All the results are achieved with a zero-shot localization prior, we do not include any
result with supervised or undefined localization prior. Bold font indicates best AR. Our
results are highlighted . Keys. Training free: task-specific training free; Prior: type of
instance localization prior; Refin.: pose refinement; Mean: Mean AR; ‘-’: not available.

Method Training Input Prior Refin. BOP Dataset Meanfree LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V
1 MegaPose [28] RGB

CNOS

22.9 17.7 25.8 15.2 10.8 25.1 28.1 20.8
2 ZS6D [3] ✓ RGB 29.8 21.0 - - - - 32.4 -
3 GigaPose [37] RGB 29.9 27.3 30.2 23.1 18.8 34.8 29.0 27.6
4 FoundPose [42] ✓ RGB 39.7 33.8 46.9 23.9 20.4 50.8 45.2 37.3
5 SAM6D [33] RGBD 57.0 38.2 69.8 41.5 41.4 66.9 73.2 55.4
6 FreeZe (ours) ✓ RGBD 64.7 49.3 86.1 44.3 49.2 75.7 78.7 64.0

7 MegaPose [28] RGB

CNOS

✓ 56.0 50.8 68.7 41.9 34.6 70.6 62.0 54.9
8 GigaPose [37] RGB ✓ 59.9 57.0 63.5 46.7 39.7 72.2 66.3 57.9
9 FoundPose [42] ✓ RGB ✓ 61.0 57.0 69.3 47.9 40.7 72.3 69.0 59.6
10 ZeroPose [6] RGBD ✓ 53.8 40.0 83.5 39.2 52.1 65.3 65.3 57.0
11 MegaPose [28] RGBD ✓ 62.6 48.7 85.1 46.7 46.8 73.0 76.4 62.8
12 SAM6D [33] RGBD ✓ 63.5 46.3 80.0 46.5 54.3 71.1 80.0 63.2
13 FreeZe (ours) ✓ RGBD ✓ 69.0 52.0 93.6 49.9 56.1 79.0 85.3 69.3

14 SAM6D [33] 62.7 42.0 77.7 50.4 45.5 68.9 74.3 60.2
15 FreeZe (ours) ✓

RGBD SAM6D 67.6 50.0 88.1 48.7 52.0 76.1 77.4 65.7

16 SAM6D [33] ✓ 68.7 49.8 87.4 56.1 57.7 75.4 82.8 68.2
17 FreeZe (ours) ✓

RGBD SAM6D
✓ 71.6 53.1 94.9 54.5 58.6 79.6 84.0 70.9

by demonstrating the remarkable efficacy of leveraging geometric features to
their fullest extent. Remarkably, FreeZe without any refinement is even better
than the top competitor with refinement SAM6D (row 6 vs row 12). On average,
our refinement step contributes to an increase of +5.2%. In the second part of
the table, we compare FreeZe with SAM6D using their own estimated masks
(SAM6D masks). Also in this setting, we establish state-of-the-art results for
zero-shot object 6D pose estimation, both with and without refinement. Finally,
FreeZe using CNOS masks outperforms SAM6D using SAM6D masks by +1%
(row 13 vs row 16), which is remarkable since SAM6D masks are more accurate.

4.5 Qualitative results

Fig. 4 shows examples of qualitative results, which include several challenges
such as occlusions, clutter, variations in background and illumination conditions,
poor object textures, severe object symmetries, similarity with other objects
and different instances of the same object. Fig. 4(a,b) show highly-occluded
texture-less objects (the toy models of a red ape and a yellow duck); Fig. 4(c,d)
show highly-occluded texture-less symmetric objects (a white electrical outlet
and a bronze gear). To estimate the poses of (a,b,c,d), FreeZe relies mostly on
geometric information, since these objects have non-informative uniform textures.
Fig. 4(e,f) show objects with cylindrical shapes (a coffee cup and a food can),
where we can observe the presence of multiple instances of the same coffee cup,
each with different levels of occlusions. To estimate the poses of (e,f), FreeZe relies
mostly on visual information, since cylindrical shapes present an infinite number
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Fig. 4: Qualitative results of challenging cases. The top row shows input images,
while the bottom row shows FreeZe’s predictions by overlaying the object 3D model
transformed according to the predicted pose. We use a grayscale version of the input
image for a better contrast. Left to right: (a,b) highly-occluded texture-less toy models,
(c,d) highly-occluded texture-less industrial items, (e,f) common objects with cylindrical
shapes and informative textures, (g,h) difficult light conditions (strong shadows and a
very bright capture). Despite these challenges, FreeZe can always find the correct pose.

(a) (b) (c) (d)

Fig. 5: Failure cases. FreeZe’s predictions follow the relative input images. Left to
right: (a) the foam block is aligned only to the closest corner, in a pose that is almost
perpendicular to the correct one, (b) the tea box pose is predicted as if it was laying on
its side rather than on its bottom, (c) the main body of the mug is nearly aligned, but
the handle is not, (d) the pose of the drill handle (occluded) is incorrectly estimated.

of symmetries, and the correct pose can be established only by relying on texture
information. Lastly, Fig. 4(g,h) show images captured under challenging light
conditions. The uniformly-colored white toy frog in (g) is affected by shadows,
while (h) shows a bright capture of a textured sugar box.

Fig. 5 shows example of failure cases. In Fig. 5(a), the red foam block is
aligned only to the closest corner, with a pose nearly perpendicular to the correct
one. This can be due to the part of the object that is occluded by the marker. In
Fig. 5(b), the yellow tea box pose is predicted laying on its side rather than on
its bottom. Because of the object’s simple geometry and poor texture, we believe
that aligning most of the corners of the box regardless of its texture can be
acceptable for FreeZe. In Fig. 5(c), the main body of the red mug is fairly aligned,
except the handle. This may be due to the limited surface area of the handle that
causes FreeZe to prioritize aligning the rest of the object. In Fig. 5(d), the pose of
the green drill handle is incorrectly estimated. The handle is fully occluded in the
input image, so that predicting a correct pose is challenging without additional
prior information. The visible portion (main body) is correctly aligned.
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4.6 Ablation study

FreeZe integrates geometric and visual features, making the choice of specific
encoders both critical and carefully considered. As presented in Tab. 2, we conduct
a thorough ablation study on LM-O [4] to ensure the optimal selection and to
assess each component of FreeZe. Unless otherwise specified, we do not apply any
pose refinement. Tab. 3 shows the ablation study on the refinement step. In both
cases, results are reported in terms of AR. We use CNOS segmentation masks as
localization prior across all the experiments, unless otherwise specified.
Feature types. We assess the fusion of geometric and visual features. In rows 1–3
of Tab. 2, we evaluate different geometric feature extraction methods: hand-crafted
approach FPFH [49], and learning-based techniques FCGF [9] and GeDi [45]. In
rows 9–11 of Tab. 2, we evaluate different vision encoders: simple RGB values,
and the foundation models CLIP [48] and DINOv2 [41]. We observed that: (i)
GeDi is highly effective across scenes (+34.5 in AR w.r.t. FCGF); (ii) DINOv2
outperforms CLIP by about +6 in AR despite they are both based on ViT-L;
(iii) geometric features outperforms visual ones by a significant margin.
Multi-scale geometric feature fusion. GeDi [45] uses a single radius to define
the extent of local descriptors. Instead, we propose to use multiple radii to encode
information at multiple scales. In rows 4–8 of Tab. 2, we compare the original
single-scale version of GeDi with the proposed multi-scale fusion of GeDi features
for different radii. Radii are expressed as a ratio of the object diameter, i.e. 0.2
corresponds to 20% of the object diameter. The best AR is achieved when using
multiple scales. Another crucial advantage of using multiple scales lies in its
generalizability. We experimentally observed that the best-performing single-scale
radius is dataset dependent, whereas using multiple scales allow us to use the
same configuration consistently across all the seven core datasets.
Visual features backbone. In rows 12–15 of Tab. 2, we assess different DINOv2
ViT backbones: small (S), base (B), large (L), and giant (G) models. The latter
achieves the highest AR (+2.8 in AR w.r.t. ViT-L, the CLIP backbone).
Localization prior type. In rows 16–19 of Tab. 2, we test bounding boxes as
localization prior as opposite to segmentation masks. Although masks may offer
higher precision, they can be noisy and fail to capture all object parts, whereas
bounding boxes cover larger portions more reliably. The table demonstrates that
FreeZe without refinement achieves equivalent AR regardless of the localization
prior (rows 16 and 18), underscoring its robustness across background variations.
Instead, once we refine the pose using ICP, FreeZe performs betters with the
segmentation masks, suggesting that ICP is more sensitive to background outliers.
Pose refinement. In Tab. 3, we evaluate the effectiveness of the pose refinement
module by comparing the coarse estimation (row 1) with the pose obtained using
a vanilla ICP-based refinement (row 2), and the one obtained adding also our
novel SAR algorithm (row 3). SAR gains the most improvement over the basic
ICP on datasets containing geometrically symmetric objects with discriminant
texture, particularly on IC-BIN (+2.6 in AR), HB (+0.6 in AR) and YCB-V(+0.4
in AR). Notably, SAR only marginally improves the results, as most of the time
the visual features already enable FreeZe to find relevant correspondences.
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Table 2: Ablation study on the LM-O [4] dataset. We individually asses different
components of FreeZe. MS-GeDi is our proposed multi-scale GeDi. Keys. Prior: type of
instance localization prior; m: segmenation mask; bb: bounding box; ‘-’: not available.

Geometric encoder Vision encoder Prior ICP ARMethod Radius Method Backbone

G
eo

m
et

ry

1 FPFH 0.3 - - m 20.7
2 FCGF - - - m 20.8
3 GeDi 0.3 - - m 55.3

4 GeDi 0.2 - - m 52.6
5 GeDi 0.3 - - m 55.3
6 GeDi 0.4 - - m 55.0
7 MS-GeDi (0.2, 0.3) - - m 56.2
8 MS-GeDi (0.3, 0.4) - - m 56.5

V
is

io
n

9 - - RGB - m 15.1
10 - - CLIP ViT-L m 30.5
11 - - DINOv2 ViT-L m 36.8

12 - - DINOv2 ViT-S m 31.9
13 - - DINOv2 ViT-B m 33.7
14 - - DINOv2 ViT-L m 36.8
15 - - DINOv2 ViT-G m 39.6

P
ri

or

16 MS-GeDi (0.3, 0.4) DINOv2 ViT-G bb 64.7
17 MS-GeDi (0.3, 0.4) DINOv2 ViT-G bb ✓ 68.6
18 MS-GeDi (0.3, 0.4) DINOv2 ViT-G m 64.7
19 MS-GeDi (0.3, 0.4) DINOv2 ViT-G m ✓ 69.0

Table 3: Ablation study on the pose refinement module. We report the AR scores
achieved without any refinement step, with a vanilla ICP-based refinement and with
the complete ICP+SAR refinement on the seven core datasets of the BOP Benchmark.
Keys. Refin.: pose refinement; Mean: Mean AR.

Refin. LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Mean
1 None 64.7 49.3 86.1 44.3 49.2 75.7 78.7 64.0
2 +ICP 69.0 52.0 93.6 47.3 56.1 78.4 84.9 68.8
3 +SAR 69.0 52.0 93.6 49.9 56.1 79.0 85.3 69.3

5 Conclusions

We presented FreeZe, a novel approach to zero-shot object 6D pose estimation
that leverages the strengths of pre-trained geometric and vision foundation
models without the need for training on task-specific data. By leveraging 3D
geometric features and 2D visual features to create discriminative 3D point-level
descriptors, FreeZe outperforms all competitors on the BOP Benchmark, which
includes seven datasets, setting a new state-of-the-art bar for the field. However,
FreeZe faces certain limitations, which include the large size of foundation
models that may restrict their deployment on edge devices, limiting real-world
applicability in certain scenarios. A solution to mitigate this problem is by
employing distillation techniques. Other future research directions include
improving our 3D registration process, possibly by advancing beyond simple
RANSAC algorithms, and predicting geometric features from RGB-only data.
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