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Abstract— Estimating the pose of objects through vision is
essential to make robotic platforms interact with the environ-
ment. Yet, it presents many challenges, often related to the
lack of flexibility and generalizability of state-of-the-art solu-
tions. Diffusion models are a cutting-edge neural architecture
transforming 2D and 3D computer vision, outlining remarkable
performances in zero-shot novel-view synthesis. Such a use
case is particularly intriguing for reconstructing 3D objects.
However, localizing objects in unstructured environments is
rather unexplored. To this end, this work presents Zero123-
6D, the first work to demonstrate the utility of Diffusion
Model-based novel-view-synthesizers in enhancing RGB 6D
pose estimation at category-level, by integrating them with
feature extraction techniques. Novel View Synthesis allows
to obtain a coarse pose that is refined through an online
optimization method introduced in this work to deal with intra-
category geometric differences. In such a way, the outlined
method shows reduction in data requirements, removal of the
necessity of depth information in zero-shot category-level 6D
pose estimation task, and increased performance, quantitatively
demonstrated through experiments on the CO3D dataset.

I. INTRODUCTION

The task of 6D pose estimation involves determining the
precise 3D position and orientation of objects. It is crucial
for numerous applications, including robotics and augmented
reality [1]. While instance-level approaches have achieved
impressive results, their reliance on specific, known objects,
typically given by a 3D CAD model, limits their applica-
bility in real-world problems where manual 3D annotations
are costly and cumbersome. The assumption of abundant
data availability in real-world scenarios is often impractical.
Category-level pose estimation has emerged as a promising
alternative. It obviates the need for detailed knowledge of
individual object instances and allows models to generalize
across objects of the same class. Although category-level
pose estimation is a well-established field, recent interest
has been renewed, aligning it with other successful computer
vision tasks like object detection and instance segmentation.
Given the data requirements for generalization to unseen
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Fig. 1. Graphical overview of Zero123-6D. A set of N reference views of
instances belonging to a category (top left) is expanded with a novel-view
synthesizer (mid). The view that best semantically matches with the query
input (bottom left) is selected, while A 3D CAD model is reconstructed
from all generated images and their poses. Finally, 2D-3D correspondences
are established to refine the best view’s estimated pose (bottom right).

objects, recent efforts have focused on simplifying object
pose estimation through online optimization, reframing the
task as relative pose estimation between a novel query object
and a reference. However, existing methods still rely on full
scans [2], [3], CAD models, [4], [5], or both [6], [7] for each
new instance, which limits their usability in practice.

Some state-of-the-art methods [8], [9] try to overcome
such challenges by leveraging the recent improvements in
Foundation Models [10], [11] to establish semantic corre-
spondences between different instances. Such approaches are
limited in the number and variability of available camera
viewpoints, hampering their generalization capabilities in
more challenging scenarios. ZSP [8] has demonstrated that
an alignment in the feature space between two objects
leads to a pose alignment. However, the task of finding the
reference view (among an available set) that best aligns with
the single-view query image can be challenging if there is
not enough viewpoint variability in the reference set.

To address the aforementioned limitations, this document
presents Zero123-6D: it exploits pre-trained diffusion models
for zero-shot novel-view RGB synthesis of object images
in the wild [12], [13], [14] to expand the available set of
reference views. Except for the CAD reconstruction phase
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(which is performed once per category), none of the models
employed in the framework requires any training phase.
The overall pipeline just requires a monocular input query
of an object instance and a sparse set of posed RGB
images of a reference object from the same category. Poses
are estimated through feature extraction with a foundation
model and online pose optimization based on established
feature correspondences. Zero123-6D reduces previous data
requirements and enhances applicability in diverse settings
thanks to the pre-trained novel-view synthesizer. To the best
of our knowledge, this is the first work that tries to employ
a zero-shot diffusion model as a novel-view synthesizer to
address the data availability in the context of category-level
pose estimation. Even if only RGB images are exploited
with no depth information, the pipeline shows increased
performance with respect to the existing state of the art.
The main contributions of this work can be summarized as
follows:

• the introduction of diffusion models for zero-shot novel
view synthesis to augment the sparse set of reference
views available;

• a monocular RGB category-level pose estimation
method improving upon the current state of the art;

• a novel refinement technique to compensate intra-class
geometrical variability.

The rest of the paper is organized as follows: section II
describes the existent and concurrent related works and open
challenges; section III formalizes the problem and details
the structure of the presented architecture and the main
novelties introduced; section IV collects experimental results
with qualitative and quantitative comparisons with state-of-
the-art approaches; and section V is devoted to conclusions
by summarizing the contribution of the work.

II. RELATED WORK

A. Instance-Level Pose Estimation

In general, 6D pose estimation requires injecting some
source of 3D information to handle the ill-posedness of the
task. This can come as 3D Computer-Aided Design (CAD)
models encompassing vertices and faces. They represent
a dense 3D input that is difficult to provide at inference
time. If a model requires the CAD model of the specific
instance at inference time, the task falls into the class of
instance-level pose estimation, a branch that focuses on
accuracy by assuming to have access to this 3D structure
at training [15], [16], [17] and/or inference [18] time, which
reached outstanding performances in recent years [19], [20].
The downside of training one model per object is the
lack of generalization in case slightly different samples are
presented, which can hinder the construction of autonomous
systems in unstructured environments. While self-supervised
and ad-hoc reconstruction approaches to the instance prob-
lem exist, they require complementary labels [21], [22], data
modalities [23] or additional training time [24], [25]. To this
end, this work aims to exploit just the information about
the category of the considered objects, which is supposed

to aggregate common geometrical properties. This gives the
name to a more challenging problem named category-level
pose estimation.

B. Category-level Pose Estimation

Category-level pose estimation addresses this challenge by
enhancing generalizability across multiple objects within a
semantic category despite substantial intra-class variability.
NOCS [26] presented a new benchmark for this task that
showcased relevant improvements starting from [27], [28],
[29] to more recent methods like [30], [31], [32]. Neverthe-
less, this class of methods does not scale well because it
requires new training and a new dataset for each class, and
data is typically limited [33]. To overcome such problems,
OnePose [2] and OnePose++ [3] deal with novel objects
by acquiring a full RGB scan of the item followed by a
structure from the motion pipeline. The main limitation in
this case is the need for a full scan and reconstruction for
each new object, limiting its applicability in the case of
efficient processing requirements. POPE [34] represents an
alternative approach, which employs off-the-shelf methods
[35], [11] to retrieve the camera pose between different
views. Nonetheless, at least one camera-to-object estimate is
required to make the method useful for robotic applications.
To this end, Zero-Shot-Pose (ZSP) [8] aimed to enhance
the generalizability of 6D pose estimation across multiple
objects within a given semantic class. The method depicts a
relative pose estimation setting but assumes depth availability
for both query and reference objects. ZSP uses one RGB-D
query image and a set of real-world RGB-D views of the
reference object to extract semantic feature correspondences
across them with a foundation model. Then, it lifts them
to 3D with the available depth maps and computes the
alignment. Other than depth availability, the main drawback
of ZSP is the viewpoint variability in the reference set: if
not enough, it can hinder a proper rotation estimation. In
light of this, the focus is on a generative approach using a
diffusion model to synthesize novel views from a very sparse
RGB-only reference set.

C. 3D Content Generation and Diffusion Models

NERF [36] and follow-up works [37] learn an implicit
representation of the scene as a radiance field. More recently,
3D Gaussian Splatting [38] exploits a more 3D grounded
representation, where the point cloud of the scene is used
to initialize a set of Gaussian that can be rendered to
represent high-fidelity scenes. However, the downside of
these approaches is that the training can suffer from the
availability of a low number of views [13]. The rise of
2D generative diffusion models has demonstrated remarkable
abilities in the generation of photo-realistic objects and
scenes [39], [40]. This led to the employment and adaptation
of generative diffusion models in 3D content generation
domain [41], [42]. For dense 3D representations, this can be
achieved by leveraging priors encapsulated in 2D diffusion
generative models pre-trained on internet-scale datasets. In
this context Novel View Synthesis (NVS) domain gained
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Fig. 2. Given a set of N RGB reference views an RGB query image belonging to the same category (a), the goal is to find the 6D pose of the query
object. The reference best views are fed to a novel-view-synthesizer diffusion model to generate novel RGB views from coarses poses (b). From that,
query and generated views are semantically compared using DINO features, so the reference view that best semantically matches the query is selected,
providing a set of 2D correspondences between the 2 views, and a coarse 6D pose (c). At the same time, all the posed generated views of the object are
used to reconstruct a 3D mesh using a neural surface reconstructor (d) to obtain the 3D points corresponding to 2D reference matching points. Ultimately,
an online optimization process is used between the 2D query points and 3D correspondent reference points to obtain a final refined pose (e).

traction thanks to pioneering works like Zero123 [12], which
fine-tuned a Latent Diffusion Model (LDM) [39] for zero-
shot generation of novel views from just one single view
of an object, given a desired camera transformation in
spherical coordinates. Building upon these advancements,
other diffusion model-based novel view synthesizers emerged
aiming to improve the consistency of the generated views
for 3D reconstruction from one single view of in-the-wild
objects [14], [43], [44], [45]. Recently, EscherNet [13], a
multi-view conditioned diffusion model, has shown increased
performance in both novel view synthesis and subsequent 3D
model reconstruction by leveraging reference-to-reference
and target-to-reference consistency layers. Following this di-
rection, in this work, the pre-trained EscherNet is exploited to
expand the reference set of views. The model is controlled by
means of azimuth, elevation, and radius, which are computed
from ground-truth posed images. The views generated by the
model are finally used for a NeuS [46] reconstruction of a
3D CAD model, exploited for the refinement stage.

III. METHODOLOGY

Our zero-shot pose estimation approach encompasses three
steps. First, the reference set is expanded using a zero-shot
novel-view synthesizer; all the generated views and their
poses are fed inside a 3D neural reconstructor to obtain a 3D
CAD model of the object. Secondly, the reference object and
target object are matched through semantic correspondence
by using pre-trained feature extractors [10]; based on these
correspondences, the most informative image is selected
from the expanded reference sequence. At this point, the pose
of the selected view represents the first coarse estimation
of the 6D pose, which is used to render its correspondent
depth from the reconstructed CAD model. Finally, the coarse
pose is refined by leveraging 2D-3D correspondences. Fig.
2 depicts the schematic overview of the approach.

A. Novel view synthesis

The diffusion-model based novel view synthesizer em-
ployed in the presented work is EscherNet [13]. Given 1
or more (N) RGB views of an object I1:N ∈ RH×W×3 with
their camera poses P1:N and a set of 1 or more (M) target
views Ĩ1:M ∈RH×W×3 with their desired camera poses P1:M ,
EscherNet is able to generate multi RGB novel views Ĩ1:M
of the object in the specified poses. The view synthesis is
formulated as a conditional generative problem:

Ĩ1:M ∼ p
(
Ĩ1:M|I1:N ,P1:N ,P1:M

)
(1)

The generation of each view Ĩ1:M depends only on the RGB
input views and its relative camera transformation to the
input pose of each input view. Once the generation process
is completed, RGB images Ĩ1:M along with their global
camera poses P1:M are used to get the 3D mesh through
an implicit-surface reconstructor [46]. This model is useful
to extract depth information associated with the generated
reference views and to refine the pose (III-C). Camera poses
are encoded by using a spherical coordinate system assuming
that the object is centered at the origin of the coordinate
system: camera location in the spherical coordinate system is
represented by polar, azimuth angle and radius, respectively
θ , φ , r. Given (θ1, φ1, r1), (θ2, φ2, r2), representing
two camera locations, the relative camera transformation
between the two cameras is denoted by (∆θ = θ2−θ1, ∆φ =
φ2 −φ1, ∆r = r2 − r1).

B. Feature extraction and view extraction

Once the new RGB images are rendered using the diffu-
sion model, it is possible to extract semantic features by rely-
ing on various foundation models. Among these DINO [10]
has proven to be successfully suitable to extract semantic
correspondences between images of different instances. This
capability is particularly appealing for category-level tasks,
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where a semantic relationship between objects of the same
class is enforced. As explored in ZSP [8], semantic features
can be extracted from image Iq ∈ RH×W×3 and a reference
Ir ∈ RH×W×3, with the operator F : RH×W×3 → Rh′×w′×c,
with h′, w′, c height, width and channel size of the feature
map. These features can be leveraged to establish matches
between a query using a soft nearest neighbor operator
(SNN):

SNN(Iq,Ir) := {
(

xk
q,x

k
r

)
| xk

q ↔ xk
r}, (2)

where xk
q ↔ xk

r ,k ∈ {1, . . . ,K} are the 2D pixel coordinates
of the top K correspondences determined through SNN, in
the query and in the reference, respectively. The K corre-
spondences are computed using the extracted query features
Fq := F(Iq) ∈ Rh′×w′×c and reference features Fr := F(Ir) ∈
Rh′×w′×c. The ranking is determined by the cyclical distance
d between features calculated through

α = Γ(Fr,Fq[xq])) ∈ R2 (3)

β = Γ(Fq,Fr[α]) ∈ R2 (4)

d (xq,Fq,Fr) =
∥∥xq −β

∥∥
2 ∈ R (5)

where F j[x j] denotes the feature F j correspondent to co-
ordinate x j and the function Γ(Fi,F j [x j]) =: x̄i selects the
coordinate x̄i on the feature map Fi which is closest in feature
space to F j[x j].

We sort xk
q in ascending order of values for d. These K

best correspondences between query view and reference set
can then be utilized to select the best RGB image Ĩ∗r in the
reference set with

Ĩ∗ = argmin
i∈1:N

K

∑
k=1

d
(

xk
q,Fq,Fi

)
, (6)

where the cumulative cyclic distance for the top K feature
matches is the lowest. This selection is essential to provide
the reference view closest to the query along with its pose
(coarse pose) and finally perform an iterative 6D pose
estimation refinement.

C. 6D pose refinement

The main challenge of 6D pose estimation in the presented
setting is the lack of depth information for the reference
image, which only provides RGB data.

However, once many views are synthesized by Escher-
Net, NeuS [46] (a NeRF-based reconstruction technique)
is exploited to produce a 3D mesh using a ray-marching
algorithm. From the mesh, it can be extracted the depth Dr
aligned with the best RGB image Ĩ∗i by simply rendering the
CAD on the corresponding reference pose.

Considering the category-level setting, methods such as E-
PnP [47] cannot be used; therefore, a new approach is needed
to refine orientation and position transformations.

1) 3D Lifting and Pose Optimization: Given the depth
Dr of the reference image Ĩ∗r , its intrinsic matrix Kr, and
extrinsic parameters Rr, tr, each point xr belonging to the
set of 2D reference matches is unprojected into a 3D point
Xr with:

Xr = P−1 (xr,Dr,Kr,Rr, tr) , (7)

where P is the projection operator for a pinhole camera.
Once points are lifted, it is possible to use the matches

from features to optimize the coarse pose. Previous meth-
ods [8] could use the Umeyama [48] approach to align lifted
3D-3D correspondences of both query image and reference
sequence. However, no depth map is available for the query
RGB view; therefore, a method that can leverage 2D-3D
correspondences is needed instead. To this end, the idea is
to design a differentiable pose optimizer using an iterative
online procedure.

Formally, the problem is to optimize for a translation tq
and rotation Rq given each correspondence Xr ↔ xq. The
translation tq ∈ R3 is represented as a vector in Euclidean
space. Since the rotation cannot be parameterized in an
Euclidean space of dimension three without discontinuities,
a more suitable optimization-friendly 6-dimensional repre-
sentation is used [49]. The continuity of this rotation
representation provides superior performance than axis-angle
or quaternion representation in the context of numeric opti-
mization while being more compact than the orthogonal 3×3
matrix with unit determinant [49].

We optimize for both rotation and translation R and t.
Given the rotated 3D reference points at each time step
k as γ =

(
RXk

r + t
)
, we minimize the error between the

2D reprojected reference points Kqγ (using query intrinsic
matrix Kq) and the matched 2D points xk

q through:

(Rq, tq) = argmin
R,t

K

∑
k=1

∥∥∥Kqγ −xk
q

∥∥∥
2
, (8)

where Rq, tq are the resulting query rotation and translation
respectively. This iterative refinement process leverages first-
order stochastic gradients calculated with Adam [50] to
gradually align points while optimizing for pose parameters.

IV. EXPERIMENTS

Quantitative experiments are carried out on the Common
Objects in 3D (CO3D) dataset [51], an image collection
of 50 object categories spread over 1.5M annotated frames,
in real-world conditions. The five chosen categories in this
evaluation are bicycle, car, chair, laptop, motorcycle.

The objective of the method is to show the possibility to
perform category-level pose estimation from a single RGB
query image and a set of few RGB references.

For this reason the translation vector computed in Eq.8 is
obtained up-to an unknown scaling factor. To this end, the
focus is on the rotation error (computed as the Geodesic dis-
tance on the SO(3) manifold of rotation matrices). Such an
evaluation is present in several RGB-based pose estimation
works like POPE [34] and NOPE [52], which however are
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TABLE I
CATEGORY-LEVEL RGB COMPARISON ON THE CO3D DATASET [8] WITH VARYING AMOUNT OF REFERENCE VIEWS. ZERO123-6D IS COMPARED WITH

A VARIANT OF ZSP [8] THAT ESTIMATES THE ESSENTIAL MATRIX AND DOES NOT USE DEPTH INFORMATION ON THE QUERY AND REFERENCE VIEWS.

5 reference views 3 reference views 1 reference view
Category Method med.err ↓ acc.15 ↑ acc.30 ↑ med.err ↓ acc.15 ↑ acc.30 ↑ med.err ↓ acc.15 ↑ acc.30 ↑

bicycle ZSP w/o depth [8] 51.3 4.0 22.0 60.1 7.0 25.0 98.4 3.0 10.0
Zero123-6D [ours] 29.2 18.0 50.0 37.1 13.0 40.0 37.1 10.0 40.0

car ZSP w/o depth [8] 84.8 8.0 24.0 62.1 8.0 23.0 99.2 6.0 12.0
Zero123-6D [ours] 9.3 82.0 97.0 12.1 59.0 85.0 14.1 55.0 76.0

chair ZSP w/o depth [8] 71.7 8.0 21.0 90.7 2.0 12.0 98.9 5.0 15.0
Zero123-6D [ours] 28.7 26.0 52.0 31.8 26.0 45.0 43.5 15.0 38.0

laptop ZSP w/o depth [8] 36.0 15.0 44.0 49.1 10.0 26.0 94.3 6.0 18.0
Zero123-6D [ours] 21.2 38.0 66.0 20.5 34.0 68.0 28.6 28.0 53.0

motorcycle ZSP w/o depth [8] 36.5 19.0 37.0 47.3 10.0 26.0 97.1 3.0 9.0
Zero123-6D [ours] 24.3 23.0 61.0 27.9 15.0 49.0 41.1 13.0 38.0

average ZSP w/o depth [8] 56.0 10.8 29.6 61.9 7.4 22.4 97.6 4.6 12.8
Zero123-6D [ours] 22.6 37.4 65.2 25.8 29.4 57.4 32.9 24.2 49.0

limited to instance-level scenarios. Similarly, the proposed
evaluation is contained in ZSP in [8], which represents
the baseline for quantitative comparison. Nevertheless, for
real-world applications, when the query’s depth is available,
the scaling factor can be obtained to opportunely rescale
the translation vector coming from Eq.8. The assessment
includes median rotation error (in degrees) and accuracy.
The latter is computed as the percentage of estimates that
fall below a certain rotation threshold. Here, 15 and 30
degrees thresholds have been chosen, following ZSP [8].
Results are provided both per category and average over all
the categories. Additionally, qualitative results are presented
on the Objectron dataset [53] to highlight the cross-dataset
generalization ability of the proposed method to generalize
to diverse RGB-only settings. All the experiments have been
run on a single NVidia RTX3090 GPU. For each set of
reference images, 50 novel views are generated as a trade-off
between generation and 3D model reconstruction timing. The
pose estimation optimizer runs 1000 iterations with an early
stop on the loss computed as in Eq.8. This step takes 2-4
seconds to run, depending on the above stopping criteria.
The most time-intensive step is the 3D CAD generation,
which, however, is carried out only once per category, so
in the long run, it does not influence the real-time factor of
the application.

A. Quantitative results

To analyze the quantitative performance of the method,
two main analyses have been carried out: the first one is
against the depth-free version of ZSP [8], showing the boost
provided by the presented approach in reducing the rotation
error; the second one is a comparison against the depth-based
version of ZSP (which assumes depth availability both for
query and reference).

1) Comparison against depth-free approach: Since the
presented approach is RGB-only, it is worth starting a
quantitative evaluation against methods employing no-depth
images, which generally provide a great geometric prior and

coherently improved performance. The concurrent work ZSP
presented a depth-free version, based on the Essential Matrix
calculation [8],[54]. The Essential Matrix embeds the relative
pose information between two RGB views from a set of
matches. It is typically used in stereo-vision, yet in this
case has been effectively employed, by exploiting only the
available sparse semantical correspondences.

Table I presents a full comparison of the work over
all the considered CO3D categories, highlighting superior
performance on all the metrics, even when just one reference
view is available. The key to this success relies on employing
zero-shot novel view synthesis, effectively compensating
for lacking a dense set of viewpoints. Further, the mesh
reconstruction phase allows the estimation of a dense depth
map for the reference view. This map allows us to estimate
a much more robust set of 2D-3D correspondences and
ultimately performs a refined pose estimation.

2) Comparison against RGB-D approach: In case depth
is available for both query and reference, it boosts the perfor-
mance of ZSP when a sufficient number of views is present,
despite Zero123-6D having a comparable performance. Table
II and Table III outline the performance of the compared
methods in two modalities. The first one is the best view
mode: the result of the matching phase, in which the most
similar image is selected based on the highest semantical
similarity described in Sec.III; the pose associated with such
a view is the estimated coarse pose. It is relevant to note that
if Table II is compared to the last row of Table I, even just
this best-view selection on synthesized images is capable of
surpassing the depth-free version of ZSP by a large margin.

The second mode, analyzed in Table II, encompasses
the full method, where ZSP can show better performance
only when enough views are available, by exploiting depth
information for both query and reference. As it appears from
Table II, with the diffusion-based novel-view synthesis, it
is possible to substantially improve results over best view
selection carried out in ZSP [8], thanks to having more
images available for the matching phase. At the same time,
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TABLE II
COMPARISON AGAINST THE ZERO SHOT POSE [8], AUGMENTED TO 50 IN OUR SETUP. BV MEANS THE BEST VIEW SELECTED THROUGH SEMANTIC

MATCHING BEFORE POSE OPTIMIZATION. AVERAGE OVER ALL THE CATEGORIES.

5 views 3 views 1 view
Method med.err ↓ acc.15 ↑ acc.30 ↑ med.err ↓ acc.15 ↑ acc.30 ↑ med.err ↓ acc.15 ↑ acc.30 ↑

ZSP BV 41.1 15.0 44.0 49.2 10.4 29.8 89.1 4.6 15.0
Zero123-6D BV 28.0 27.9 57.4 30.5 20.2 52.6 37.1 17.6 44.0

TABLE III
COMPARISON AGAINST THE DEPTH-BASED ZSP’S REFINED POSE [8], AUGMENTED TO 50 IN OUR SETUP. AVERAGE OVER ALL THE CATEGORIES.

5 views 3 views 1 view
Method med.err ↓ acc.15 ↑ acc.30 ↑ med.err ↓ acc.15 ↑ acc.30 ↑ med.err ↓ acc.15 ↑ acc.30 ↑

ZSP (RGB-D) 20.4 50.2 61.0 26.1 43.0 55.2 93.9 22.0 31.2
Zero123-6D 22.6 37.4 65.2 25.8 29.4 57.4 32.9 24.2 49.0

this indicates the reduced sim-to-real gap between real and
generated images, highlighting how diffusion models can
be useful for this task. On the other hand, as shown in
Table III, the Umeyama-RANSAC depth-based refinement
method provided by ZSP increases the performance with
respect to its correspondent best-view. This method requires
an available and employable depth and boosts ZSP’s perfor-
mance; however, it is eroded in few-view reference scenarios,
as it is possible to notice a cross-over point with three
views. Ultimately, Zero123-6D completes the overtake on
ZSP when just a single reference view is available. When
reducing from three views to one, Zero123-6D maintains a
proper understanding of the 3D structure of the object. At the
same time, the depth cues can no longer compensate for the
small number of views, as in the previous cases. This can
become relevant in fixed camera settings scenarios, where
acquiring multiple views of the reference object is difficult.

B. Qualitative results

This section highlights the qualitative results of the method
in accordance with the aforementioned discussion about
numerical performance. Fig.3 shows the feature map of the
instances and the selected best-view. The best-view matching
is possible thanks to the semantical information provided
by DINO features. Applying Principal Component Analysis
(PCA) on the feature map makes it possible to see how
similar parts of the objects are depicted with similar colors.
This is reflected in the quality of matches, which makes
it possible to initialize the presented refiner. As further
experiments, qualitative results on the Objectron [55] dataset

Fig. 3. Qualitative results of Zero123-6D on CO3D dataset [51] and
corresponding feature maps highlighted with PCA at the three channels.

Fig. 4. Qualitative results of Zero123-6D on the Objectron dataset [53].
From left to right: the query RGB image, a reference example, the closest
reference view with matched feature points, and finally, the lifted RGB
point cloud of the reference in the estimated 6D pose of the query (only
for visualization). The reference objects are from CO3D [51].

are presented. These are particularly interesting because Ob-
jectron, unlike CO3D, does not have depth maps associated
with RGB images. Hence, in this scenario, methods like ZSP
[8], could not be effectively employed without a performance
drop, while Zero123-6D’s method can be applied unaltered.
Results presented in Fig.4 depict such cross-dataset general-
ization, representing a promising direction to employ objects
generated through novel-view synthesis for pose estimation
in more challenging setups (e.g. cluttered scenarios).

V. CONCLUSION AND FUTURE WORK

This work presented Zero123-6D, a pipeline for category-
level pose estimation from a single query image and a
set of RGB images belonging to the same class. The pro-
posed online method leverages a limited amount of views,
augmented with zero-shot diffusion models, and ultimately
improves matching and pose estimates over state-of-the-art
solutions. The presented setting can be particularly useful
for cases with a limited reference set. Zero123-6D leverages
foundation models mainly trained on object-centric datasets
[56]; this may limit its efficacy in cluttered scenarios, which
can be addressed in future works by extending the proposed
method’s applicability to other RGB-only settings.
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