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This paper presents a generalizable RGB-based approach
for object pose estimation, specifically designed to address
challenges in sparse-view settings. While existing meth-
ods can estimate the poses of unseen objects, their gener-
alization ability remains limited in scenarios involving oc-
clusions and sparse reference views, restricting their real-
world applicability. To overcome these limitations, we in-
troduce corner points of the object bounding box as an in-
termediate representation of the object pose. The 3D ob-
ject corners can be reliably recovered from sparse input
views, while the 2D corner points in the target view are es-
timated through a novel reference-based point synthesizer,
which works well even in scenarios involving occlusions. As
object semantic points, object corners naturally establish
2D-3D correspondences for object pose estimation with a
PnP algorithm. Extensive experiments on the YCB-Video
and Occluded-LINEMOD datasets show that our approach
outperforms state-of-the-art methods, highlighting the ef-
fectiveness of the proposed representation and significantly
enhancing the generalization capabilities of object pose es-
timation, which is crucial for real-world applications.

1. Introduction

Estimating the rigid transformation between an object and a
camera, i.e., object pose estimation, is essential for diverse
tasks such as augmented reality (AR) and object manipula-
tion [6, 16]. We focus on generalizable object pose estima-
tion from sparse-view RGB images, where only a limited
number of reference images are available for each object
as prior information. This task requires the generalization
ability of pose estimation methods to handle any unseen
objects by a single forward pass and the robustness of the
processes to accurately estimate poses from limited refer-

*Corresponding author: Sida Peng.
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Figure 1. Comparison of Different Generalizable Paradigms.
Unlike existing generalizable object pose estimation methods,
BoxDreamer leverages a bounding box representation to handle
incomplete object observations and achieves robust pose estima-
tion even under severe occlusions.

ence viewpoints. As shown in Fig. 1, current research on
generalizable object pose estimation mainly includes two
paradigms: Retrieval-based approach [2, 25, 30, 52] and
Matching-based approach [4, 12, 35].

To estimate the target pose, Retrieval-based methods ini-
tialize the object pose by retrieving the most similar ref-
erence image, followed by the post-refinement. These ap-
proaches are effective when dense reference views and cor-
responding pose annotations are available.

However, for sparse-view scenarios, retrieving reference
views with similar viewpoints is challenging, leading to in-
accurate pose initialization. The suboptimal pose initial-
ization impairs subsequent modules that refine the pose.
Moreover, for objects in query images with severe occlu-
sion, selecting the correct reference is highly challenging,


https://zju3dv.github.io/boxdreamer

often leading to the failure of the pose estimation process.

Matching-based methods first reconstruct the target ob-
ject’s point cloud from reference images and then establish
correspondences between the query image and the point
cloud for pose estimation. These methods achieve high-
accuracy pose estimation when accurate object point clouds
can be recovered. However, the reliance on robust 2D-
3D matching inherently depends on complete reconstructed
point clouds, which becomes challenging in sparse-view
scenarios. Additionally, object occlusion limits the as-
sociation between image pixels and point clouds, signifi-
cantly reducing the effectiveness of correspondence-based
approaches in such conditions.

In this paper, we introduce a novel generalizable frame-
work for 6D object pose estimation, which can predict the
pose of any object using only a few reference images and
can effectively handle severe occlusions. As illustrated in
Fig. 1, our key idea is to leverage the object bounding box
as a geometric primitive, which can be efficiently recon-
structed from sparse-view reference images. The 2D projec-
tions of the eight corners of the 3D bounding box are then
accurately predicted in the query image for pose estima-
tion. As semantic points of objects, the bounding box cor-
ners naturally establish 2D-3D correspondences, and both
3D and 2D corners can be recovered without dense views,
making our method functions effective under sparse-view
conditions. In addition, compared with methods that require
dense matching between the query image and the 3D prim-
itive, our method is inherently more robust to occlusions.

Concretely, our approach involves two main steps: re-
covering the 3D bounding box and predicting 2D projec-
tions of the 3D bounding box corners for the query image.
First, we use sparse-view reconstruction tools to estimate
camera poses and recover the object’s approximate struc-
ture to compute its 3D bounding box. To leverage 3D cor-
ner locations for object pose estimation, we project the 3D
bounding box corners onto each reference image to gener-
ate corner heatmap, which are then fed into an end-to-end
transformer decoder to predict the 2D projection of the 3D
bounding box corners in the query view. The global nature
of object box corners enables our method to infer box corner
positions based on the object’s visible parts and reference
demonstration. Finally, the 6DoF object pose is recovered
using a Perspective-n-Point (PnP) algorithm with the 2D-
3D correspondences. Note that our method does not require
an accurate 3D bounding box for object pose estimation, as
demonstrated by our experimental results in Sec. 4.5.

To evaluate the effectiveness of our proposed method,
we conduct experiments on the Occluded LINEMOD [1]
and YCB-Video [43] datasets, which are rich in challenging
scenarios like occlusion. Furthermore, we perform addi-
tional tests on diverse datasets, such as LINEMOD [14] and
the OnePose [35] dataset, to demonstrate our framework’s
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generalization and sparse-view adaptability. Experimental
results indicate that our method outperforms retrieval-based
and matching-based methods under sparse-view conditions
and shows more generalities and effectiveness under vari-
able challenging scenarios.

In summary, this work has the following contributions:
* A novel generalizable object pose estimation framework
that effectively estimates object poses using only sparse
RGB reference images.
We propose object bounding box corners as an interme-
diate representation for generalizable object pose estima-
tion.
An end-to-end transformer decoder that directly regresses
the 2D projection of the 3D bounding box in the query
view with reference corner demonstration.

2. Related Work
2.1. CAD-Model-Based Object Pose Estimation

Model-based object pose estimation methods can be
broadly classified into two categories. Instance-level pose
estimators [5, 15, 18, 22, 23, 28, 31, 33, 34, 43, 47]
require separate training for each object and often rely
on CAD models either to establish 2D-3xD correspon-
dences [5, 15, 28, 31, 33, 34] or for rendering and pose re-
finement [22, 47]. There are also methods that attempt to
regress object pose from RGB images directly. [18, 23, 43].
Although they achieve high accuracy for known objects,
they are not generalizable to unseen objects.

More generalizable, category-level pose estimators [3,
7, 10, 17, 24, 38, 40, 46, 48-50] first classify objects
into predefined categories, then estimate their poses us-
ing category-specific priors. For example, NOCS [38] es-
tablishes a canonical coordinate system for each category
from CAD models to provide category-level priors. Al-
though larger datasets [49, 50] have enhanced generaliz-
ability, these methods still face challenges: in real-world
scenarios, objects are too diverse or uncommon to be cate-
gorized, limiting their applicability for universal pose esti-
mation.

Our framework addresses these challenges by removing
the dependency on CAD models and instead leveraging the
object’s 3D bounding box. This approach is cost-effective
and can be obtained from sparse-view, unposed RGB im-
ages, making it a robust solution for any-object pose esti-
mation.

2.2. CAD-Model-Free Object Pose Estimation

To address the challenges of pose estimation for unseen
objects, Gen6D [25] introduced a framework leveraging
a densely sampled view database with pose annotations
for pose initialization and refinement, demonstrating strong
generalizability without relying on CAD models. Sub-



sequent methods [2, 30, 52] improved detection and re-
finement modules within this framework, but the depen-
dency on densely captured views remains a significant
limitation. Concurrently, OnePose [35] and its extension
OnePose++ [12] proposed reconstruction-based approaches
that establish correspondences between reconstructed point
clouds and query images. By incorporating Detector-Free
SEM [13], OnePose++ further enhances accuracy, but these
methods still require dense view captures, and the visibility
and coverage of the captured images influence their perfor-
mance.

2.3. Object 3D Representation

Providing 3D information about the object is essential for
generalizable object pose estimation. The OnePose fam-
ily employs dense point clouds to represent objects, while
Gen6D constructs a volumetric representation from multi-
view images and utilizes it for pose refinement. Latent-
Fusion [32] establishes 3D latent to represent objects for
pose estimation and refinement. GS-Pose [2] represents
objects using 3D Gaussians [19] and performs pose refine-
ment based on it. Despite their advancements, none of these
methods offer a simple yet robust 3D representation for 6-
DoF pose estimation for any unseen object, as they heavily
rely on dense reference images or struggle under challeng-
ing conditions such as occlusion or textureless surfaces. In
contrast, our approach innovatively uses bounding box cor-
ners as a compact and effective representation for general-
izable object pose estimation.

2.4. Sparse-View Object Pose Estimation

Sparse-view settings have attracted significant interest in
the computer vision community due to their practicality
and cost-efficiency [26, 27, 30, 36, 37, 40, 51, 53]. In
real-world applications, capturing dense and comprehen-
sive object views is often time-consuming and resource-
intensive. Therefore, accurately recovering object poses
from sparse observations can greatly enhance real-time ap-
plications such as object manipulation.

Some recent works have addressed sparse-view pose es-
timation [26, 27, 37]. For example, Luo et al. [26] employs
an Object Gaussian representation with a render-and-refine
strategy, achieving high accuracy but requiring about 10
minutes to construct the representation, which limits prac-
tical use. Meanwhile, Nguyen et al. [27] generates novel
view embeddings, and Sun et al. [37] leverages a novel view
synthesis (NVS) model; however, both methods rely on
generative performance, which may face challenges on real-
world diverse objects, and NVS is also time-consuming.
FoundationPose [42] shows impressive performance with
sparse views through large-scale training on realistic syn-
thetic datasets, yet its dependence on depth input restricts
real-world use. In contrast, our method uses lightweight

and effective representations for robust, real-time pose esti-
mation from sparse-view references.

3. Method

The overview of BoxDreamer is illustrated in Fig. 2. Our
method takes a query image I, and a set of reference images
{Io,...,I;} as input, along with the corresponding object
detections { Mo, ..., M;} to identify the object of interest,
and aims to output the object pose &.

To this end, we utilize an off-the-shelf reconstruction
method to obtain the point cloud P of the target object,
along with its 3D bounding box B and corresponding refer-
ence poses {&p, - . .,&;} (see Sec. 3.1).

Then, we propose a novel bounding box estimation net-
work to predict the projected box corners b, in the query
view. Based on these predictions, we first establish 2D-3D
correspondences between the predicted 2D corners b, and
the reconstructed 3D corners B, then recover the query ob-
ject pose &, using the PnP algorithm (see Sec. 3.2).

3.1. Preparation of Object Bounding Box

3D Bounding Box as object representation. To address
the limitations of OnePose, we avoid reliance on dense point
clouds. Instead, we represent the object with a 3D bound-
ing box B, which serves as a rough spatial prior for pose
estimation. The advantage of using a bounding box rather
than a dense point cloud is that 3D bounding boxes can be
restored from sparse view inputs, facilitating object coordi-
nate recovery when dense observations are unavailable.

To obtain the 3D bounding box B, we first collect sparse
reference images. Using these images, we apply an off-
the-shelf reconstruction method [21, 39, 41, 45] to extract
the object’s sparse geometry. We then filter out irrelevant
points according to the object detection results, ultimately
obtaining the 3D bounding box B that encloses the object.

By feeding cropped reference images to fully feed-
forward reconstruction methods, we obtain the object point
cloud P and the camera poses {&o, . . ., &} for the reference
views. Specifically, for methods like DUSt3R [41] (used in
our experiments), sparse-view images are directly fed into
the network to predict Pointmaps, which establishes dense
correspondences between image pixels and associated 3D
points. Once the Pointmap is obtained, the reference camera
poses are efficiently recovered by applying the Perspective-
n-Point (PnP) algorithm, leveraging the 2D-3D correspon-
dences provided by the Pointmap. This process simultane-
ously recovers both 3D geometry and camera poses, making
it particularly effective in sparse-view scenarios.

For each reference view with pose £ = (R, t), we first
project a 3D point p € P onto the image plane using the
intrinsic matrix K with the perspective projection function
m(-):

p' =m(K(Rp+t)),
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Figure 2. Overview. For each object, BoxDreamer first recovers its rough structure from a set of reference images using the sparse-view
reconstruction method. During object pose inference, BoxDreamer predicts 2D bounding box heatmaps for the query image guided by
reference box corners, establishing 2D-3D correspondences and recovering the object pose through the PnP algorithm.

where 7 () converts homogeneous coordinates into 2D im-
age coordinates.

Next, we discard points that fall outside the object re-
gion defined by the object detections { M, ..., M;} in the
reference images. The filtered point cloud is defined as:

P={pecP|Vi p e M}

Finally, the filtered point cloud P is translated into an
object-centric coordinate system and derives the 3D bound-
ing box B that encloses the object.

2D Heatmap as box representation. We observed that the
direct use of the eight corner coordinates of a 3D bound-
ing box often degrades performance due to the inherent
sparsity of the input signals. To better leverage the ref-
erence information, we project the 3D bounding box onto
the image plane and generate a heatmap representing its 2D
spatial distribution. This strategy aligns well with vision
transformers, which can effectively process heatmap data.
Specifically, given the eight 3D corners of the bounding box
B, we compute their projection onto the image plane b via
the perspective projection function.

Nevertheless, using a one-hot heatmap for these pro-
jected corners yields supervision signals that are exces-
sively sparse and insufficiently smooth, which can hamper
model learning. To mitigate this, we draw inspiration from
CornerNet [20], which applies Gaussian smoothing around
each ground-truth corner. This approach eases the penalty
for negative locations within a certain radius and avoids
sharp transitions between positive and negative regions.

In practice, we observed that the hyperparameters from
CornerNet were not directly transferable to our setting. To
further enhance the smoothness of the heatmap, we redefine
the heatmap function as:

\/(I*Ii)2+(y*yi)2),

H(l’,y,%) = exp(f 20_2

We set the denominator term 202 to the square of one-tenth
of the object size, which we define for each corner i as its
pixel distance to the object’s 2D center.

By using 3D bounding boxes as spatial priors instead
of dense point clouds, we design a novel pose estimation
pipeline to better handle sparse-view inputs and incomplete
reconstructions. This eliminates reliance on point cloud
features and allows any suitable reconstruction approach
to generate 3D bounding boxes, yielding a more flexible
pipeline. Furthermore, representing bounding boxes via a
2D heatmap avoids direct dependence on potentially noisy
or scale-sensitive 3D points.

3.2. Object Pose Estimation

After obtaining the bounding box heatmaps for the refer-
ence views {Hy, ..., H;}, we employ an end-to-end trans-
former decoder to directly infer the corresponding heatmap
H, for the query view.

More precisely, we feed both the reference and query
images into a pre-trained DINOv2 [29] model to extract im-
age features {Fy, ..., F;,F } € R% % %4 where pis the
patch size and d is the feature dimension.

Next, we divide each bounding box heatmap H; <
RIXWx8 into non-overlappi2ng patches, yielding a patched
heatmap HY € R% X% X8 To fuse the image features
with the patched heatmap, we apply a linear layer to project
the heatmap tokens to the same dimension as the image fea-
tures:

H? = Linear(H?) € R7 ¥ 7 ¥4,
We then add the projected heatmap tokens element-wise to
the corresponding image features:

F, =F; + H?.

For the query image, rather than heatmap tokens, we use

H o W o d
learned query tokens Q € R» ™ » *“. We then flatten the
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reference and query features and concatenate them along
the patch dimension, producing a 1D token sequence with
length | = (N + 1) x 5%, where N is the number of
reference views. This sequence is then fed into a full self-

attention transformer decoder comprising L layers, gener-
x W xd
P .

ating the query bounding box features F; eRY
Finally, we apply a linear layer to map the query features

back to the original heatmap dimension and unpatchify the

result to obtain the final query bounding box heatmap:

H, = Sigmoid (Linear(F;)) € RAXWx8,

Given the predicted query bounding box heatmap and the
reconstructed 3D bounding box, we establish 2D-3D corre-
spondences by assigning each heatmap channel to a specific
bounding box corner according to a predefined channel-
wise order. We then recover the object pose {, using the
Perspective-n-Point (PnP) algorithm.

3.3. Training

Supervision. We use Smooth L1 Loss [11] to supervise
both the predicted bounding box heatmap (coarse) and each
specific corner point (fine).

The coarse loss is defined as:

N
Leourse = % > SmoothL1 (h;, hy),

i=1

where h; and h; denote the ground-truth and predicted
heatmap values, respectively.

The fine loss is designed to improve the accuracy of cor-
ner points:

1g ;
Line = 3 Z SmoothL1(b;, b;),

i=1

where b; and b; are the ground-truth and predicted cor-
ner coordinates, respectively. The final loss combines the
coarse and fine losses:

L= Lcoarse +A Lﬁne>

Where X is a hyperparameter balancing the two terms, we
set A = 2.0 in our experiments.

3.4. Implementation Details

Training Data. We use the Objaverse (synthetic) [8, 9] and
OnePose (real) [35] datasets for training, which consist of
over 45k synthetic objects, 50 real objects, and a total of
2.9M+ images.

Data Augmentation. To boost the generalizability, we ran-
domly rotate the 3D bounding box (within [—, 7] along
a random axis) to break its direct association with seman-
tic information. We also apply RGB augmentations such as
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motion blur and noise, and composite synthetic images with
random SUN2012 [44] backgrounds. Moreover, we further
improve occlusion handling by randomly occluding objects
through truncation and masking.

Network Architecture. The network leverages a trans-
former decoder consisting of L = 12 layers, d = 768 hid-
den size, and 8 attention heads. The patch size is set to 14
following the DINOv2-base [29] model.

Training. The model is trained using the AdamW optimizer
with an initial learning rate of 10~4, following a cosine de-
cay schedule. During training, the number of reference im-
ages is dynamically sampled between 1 and 15, while the
batch size per GPU varies from 144 to 18. The model is
trained for 100 epochs using 8 A100-SXM4-80GB GPUs.

4. Experiments

In this section, we mainly evaluate our method across four
datasets: LINEMOD and Occluded LINEMOD (Sec. 4.2),
YCB-Video (Sec. 4.3) and OnePose-LowTexture (Sec. 4.4).
We also evaluate our method’s generalizability on OnePose,
and correspondent results can be found in the supplemen-
tary material. We begin by introducing the experimental
setup and baseline selection in Sec. 4.1.

4.1. Experimental Setup and Baselines

Baselines. We evaluate our method against two represen-
tative paradigms for generalizable pose estimation: Gen6D
and OnePose++. While LocPoseNet [52] improves the de-
tection accuracy of Gen6D, we use accurate ground-truth
detection results for Gen6D in all our experiments to ensure
precise initial translation. Therefore, a direct comparison
with LocPoseNet is unnecessary.

In addition, for recent methods such as Cas6D [30] and
GS-Pose, which also provide sparse-view results and use
the same view sample strategy as our method, we include a
comparison with them in Sec. 4.2.

To further demonstrate the effectiveness of our approach,
we also compare it against state-of-the-art instance-level
pose estimation methods [33, 34, 43].

Reference Databases. We utilize the following reference

databases for evaluation:

* LINEMOD and Occluded LINEMOD: We use the stan-
dard training-testing split from prior studies [12, 25, 33,
35], with ~180 reference images per object.

* YCB-Video: We create three distinct reference databases
to assess robustness across varying reference qualities:
(a) Sparse Database: Contains 16 reference images per
object, sampled from distinct video sequences as in Foun-
dationPose [42]. (b) Most-overlapping Database: To best
test baseline methods, we build this database by select-
ing the most overlapping video sequence as the reference
database. (c) Occlusion-minimizing Database: To miti-
gate occlusion in the most overlapping sequence, we man-
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Figure 3. Qualitative Comparison on Occluded-LINEMOD and YCB-Video. Green boxes indicate the ground truth, while blue boxes
represent the predicted results. Both quantitative and qualitative results demonstrate the method’s effectiveness in occlusion.

ually select a reference sequence that maintains high over-
lap with minimal occlusion. Details on the construction
of the YCB-Video reference databases are provided in the
supplementary material.

* OnePose and OnePose-Lowtexture: We use the first se-
quence as the reference database, as in [12, 35].

To ensure consistency across all datasets and methods,
we uniformly sample sparse-view references using the Far-
thest Point Sampling (FPS) algorithm. For experiments
with more than five reference images, unless stated oth-
erwise, BoxDreamer initially selects five neighbors by di-
rectly computing the cosine similarity between the query
and the reference DINOv2 features.

Metrics. The evaluation metrics are selected following es-

tablished practices in prior works for each dataset:

e ADD(s)-0.1d and Proj2D (with a 5-pixel threshold) are
used for LINEMOD, Occluded LINEMOD, and the sub-
set of OnePose-LowTexture with available CAD models.

* ADD-AUC and ADDs-AUC serve as the metrics for the
YCB-Video dataset.

4.2. Results on LM and Occluded LM

We first evaluate the proposed method on two widely used
object pose estimation benchmarks: LINEMOD and Oc-
cluded LINEMOD. Experiments are conducted under two
distinct levels of reference database density, namely, five
reference views and 25 reference views. In the latter case,
the number of reference views is determined as the mini-
mum requirement for OnePose++ to reconstruct all objects
successfully. For LINEMOD, additional experiments are
performed using databases containing 16 and 32 reference
views to compare with the results provided by GS-Pose and
Cas6D. Detailed comparisons with Gen6D and OnePose++
can be found in the Supplementary Material.

Table 1 summarizes performance on the LINEMOD sub-
set. Note that Gen6D was trained on a different subset, and

Method Number of References (V,.)
5 16 25 32

OnePose++ 1.1 314 486 55.0

Gen6D' 18.0 - 58.6 -
Gen6D? - 29.1 - 49.4
Cas6D 324 539

GS-Pose;nie 45 156 21.1 234
GS-Pose 256 621 694 745
Ours 53.1 604 659 692

Table 1. Comparison on the LINEMOD subset. ADD(s)-0.1d
is reported. Gen6D' indicates that all reference images are used
for refinement, and Gen6D! is the public results from GS-Pose,
GS-Pose;ni¢ reports the initial results without Gaussian Splat-
ting refinement. We’ve highlighted the 'best , second-best , and

third-best performing metrics in the table.

for Cas6D, we use the results reported in its paper since no
public checkpoints are available. For GS-Pose, we retested
performance using the same reference databases as ours,
with refinement parameters set to the default values from
the public source code.

With only five reference images, our method outper-
forms all competitors, achieving twice the performance of
the second-best GS-Pose. As more reference images are
used, our approach matches GS-Pose’s overall performance
while surpassing its initial results. Notably, our method is
over 40 times faster than GS-Pose’s 0.96s per query image
during refinement.

For Occluded LINEMOD, as shown in Table 2, our
method consistently performs better than both OnePose++
and Gen6D under all conditions, which shows the limita-
tions of the OnePose family in handling occlusions. Even
when Gen6D is fine-tuned on a subset of LINEMOD and
provided with ground-truth detection results, it still faces
significant challenges in occlusion scenarios. Furthermore,
our method attains performance comparable to or exceeding



Objects

Ref. images Method ape can cat driller duck eggbox® glue* holepuncher Ave:
ADD(s)-0.1d
PoseCNN 96 452 09 414 19.6 22.0 385 22.1 249
PVNet 158 633 167 252 657 50.2 49.6 39.7 40.8
OnePose++ - 00 0.0 0.0 - - - 0.0 -
5 Gen6D 52 86 03 0.3 52 5.8 74 4.8 4.7
Gen6DT 64 88 05 4.8 54 29.6 15.0 111 10.2
Ours 215 484 40 569 161 347 20.6 9.2 265
OnePose++ 0.0 02 26 0.0 1.0 215 2.6 22 3.8
25 Gen6D 123 234 56 25 17.2 25.2 13.4 28.5 16.0
Gen6D' 142 299 74 21.1 15.4 45.8 311 38.9 PS5
Ours 21.7 61.6 547 531 304 27.6 57.5 41.9 43.6
Proj-2d@5px
~ PoseCNN 346 15.1 104 318 74 1.9 13.8 23.1 17.2
PVNet 69.1 86.1 65.1 61.4 73.1 8.4 554 69.8 61.1
OnePose++ - 00 00 0.0 - - - 0.0 -
5 Gen6D 134 122 05 0.4 9.6 1.7 57 7.0 6.3
Gen6D' 234 132 21 3.7 12.1 8.5 14.1 15.6 11.6
Ours 41.7 312 104 8.8 42.8 1.8 26.6 14.5 21.9
OnePose++ 0.0 0.0 8.9 0.0 6.3 72 0.0 25 3.1
25 Gen6D 373 289 18.6 20 36.5 3.9 114 48.0 234
Gen6DT 538 41.1 289 18.1 41.3 7.7 323 65.2 36.1
Ours 59.7 589 547 278 563 1.9 53.6 71.4 479

Table 2. Comparison on the Occluded LINEMOD dataset.
ADD(s)-0.1d and Proj-2d@5px are reported. 'Indicates that
ground-truth detection results were provided for Gen6D. Objects
in italic were included in the Gen6D training set. We’ve high-
lighted the best and second-best and third-best results.

the instance-level method PVNet on some objects, demon-
strating its robustness as an RGB-based generalizable ap-
proach in handling occlusions.

4.3. Results on YCB-Video

The YCB-Video dataset is challenging for object pose es-
timation due to occlusions, motion blur, and variations in
lighting. For the Sparse Database, Table 3 shows that our
method significantly outperforms OnePose++ using only
five reference images. With 16 reference images, our
method achieves much higher performance, outperforming
Gen6D with ground-truth detection 11.4% both in ADD-S
and ADD metrics.

For the remaining two reference databases, average com-
parison results are provided in Table 4. To showcase the
advantages of our approach better, we compare it with
Gen6D and OnePose++, both of which use dense refer-
ences (200 images sampled from the database); more de-
tailed results are available in the Supplementary Material.
While OnePose++ performs better with the dense database,
Gen6D does not benefit from the dense samples due to its
sensitivity to occlusion and low-quality reference views.
In contrast, our method maintains stable performance with
only five reference views, and the occlusion-minimizing
reference database further enhances its accuracy.

4.4. Results on OnePose-LowTexture

We also conduct experiments on the OnePose-LowTexture
dataset, which contains textureless objects (see Table 5).
Our method outperforms both OnePose++ and Gen6D us-
ing only 10 reference images (the minimum required for
OnePose++ to reconstruct all objects) and remains compet-
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| Gen6D? Gen6D' OnePose++ Ours Ours

Ref. images 16 16 16 5 16

Metrics ADD-S ADD | ADD-S ADD | ADD-S ADD | ADD-S ADD | ADD-S ADD
002_master chef_can 756 238 | 695 | 294 | 461 174 | 716 289 | 714 223
003_cracker_box 72 17 | 415 172 | 69 07 | 723 458 | 69.1 363
004_sugar_box 104 46 | 548 262 1.0 0.1 476 172 | 509 219
005_tomato_soup_can  63.3 366 | 586 345 - - 604 166 | 815 512
006_mustard_botle | 399 194 | 868 572 | 467 306 | 841 501 | 874 764
007_tuna_fish_can 877 507 | 852 478 | 00 00 | 369 137 | 774 483
008_pudding_box 19.1 19 | 509 282 | 00 00 | 905 808 | 763  66.0
009_gelatin_box 408 193 | 603 387 | 05 02 | 547 340 | 902 819
010_potted_meat_can 547 318 | 585 402 - - 634 527 | 615 496
011_banana 107 40 | 372 63 0.0 00 | 324 51 305 74
019_pitcher_base 443 120 | 803 589 | 27.1 159 | 802 607 | 703 407
021_bleach_cleanser 186 117 | 616 396 | 420 322 | 581 409 | 849 738
024_bowl 133 39 | 459 57 105 03 | 400 32 | 352 48
025_mug 737 293 | 727 411 37 09 | 889 764 | 831 658
035_power_drill 5.6 09 | 397 92 | 224 128 | 578 422 | 606 383
036_wood_block 109 18 16.1 14 1.1 07 | 336 28 | 205 03
037_scissors 13 0.1 393 178 | 00 0.0 169 7.1 175 41
040_large_marker 308 207 | 494 390 | 00 00 | 750 619 | 683 564
051_large_clamp 287 72 | 532 171 1.7 02 | 687 265 | 668 247
052_extra_large_clamp | 6.5 2.1 368 83 44 04 | 497 59 | 632 224
061_foam_brick 492 229 | 604 369 | 00 00 | 653 291 | 518 225
MEAN | 330 146 | 552 286 | 118 59 | 598 318 | 666  40.0

Table 3. Performance of the YCB-Video dataset on Sparse
Database. 'Indicates that ground-truth detection results were pro-
vided for Gen6D. *Indicates that the background was removed
using ground-truth masks to improve Gen6D’s detection results.
We’ve highlighted the best , second-best, and third-best re-
sults.

Ref. database Ref. images Method ADD ADD-S
200 OnePose++  24.5 433
Most-overlappin 200 Gen6D 14.6 29.1
pping 200 Gen6Df 229  51.1
5 Ours 354 65.6
200 OnePose++  22.6 41.7
Occlusion-minimizin, 200 Gen6D 122 267
£ 200 Gen6Dt 202 502
5 Ours 37.8 66.9

Table 4. Average Performance on YCB-Video dataset with
different reference databases. ADD and ADD-S are reported.
Gen6D' indicates that the method benefits from ground-truth de-
tection results. The best results are shown in bold.

itive against the full reference results. Gen6D, not trained
on this object-centric dataset, struggles with detection due
to the similar scales between the reference and query views.
This results in poor performance even when using ground-
truth detections. More detailed results on OnePose and
OnePose-LowTexture are provided in the Supplementary
Material.

Methods Ref. images 0700 0706 0714 0721 0727 0732 0736 0740 Avg.
PVNet - 123 90.0 681 676 956 573 613 493 627
OnePose++ Full 895 991 972 926 985 795 972 576 889
OnePose++ 10 449 649 565 788 881 560 71.0 37 580
Gen6D' 10 160 11.7 106 323 29.0 205 239 254 212
Ours 10 714 856 844 888 962 926 961 77.6 86.6

Table 5. Performance comparison on OnePose-LowTexture
dataset. ADD-0.1d is reported. We’ve highlighted the best ,

second-best , and third-best results.



Bounding Box Source Ref. Images ADD(s)-0.1d Proj2D@5px
OnePose++ 5 49.4 52.7
DUSt3R 5 51.3 43.8
GT 5 49.3 51.8

Table 6. Performance on LINEMOD using different bounding
box sources. The best results are shown in bold.

4.5. Analysis

Effects of Number of Reference Images. We evaluate the
impact of varying the number of reference images on the
LINEMOD dataset using the Proj2D @5px, ADD-0.1d, and
ADDs-0.1d metrics. In this experiment, we directly feed
different quantities into the network without any selection
process to highlight the effect of the number of reference
images. As shown in Fig. 4, our method can estimate a
coarse object pose even with only two reference images.
With more reference images, the box estimation transformer
effectively leverages the additional information to predict
box corners more accurately.

Sparse View Robustness on LINEMOD
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Figure 4. The trend of performance on the LINEMOD dataset as
the number of reference views changes.

Effects of Noisy 3D Bounding Boxes. We use DUSt3R to
recover the object bounding boxes by filtering points with
multiview detections. This process can introduce noise in
the recovered boxes, so we evaluate our method’s robust-
ness to variations in bounding box quality. As shown in
Fig. 5, our approach remains robust across different bound-
ing boxes. Furthermore, experiments on the LINEMOD
dataset with various bounding box sources (see Table 6)
confirm the method’s adaptation to noisy box estimates.
Effects of Real Data Training. As shown in Table 7, in-
corporating training on a simple object-centric dataset like
OnePose can effectively enhance the performance of our ap-
proach on other challenging real-world datasets.

Running time. On an Intel i7-13700KF CPU and NVIDIA
RTX 4090 GPU, our method processes a query image in
approximately 17 ms using 5 reference images for pose
inference. Specifically, it takes about 5.7 ms for the DI-
NOV2 encoder, 11.1 ms for the bounding box decoder, and
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Figure 5. Qualitative results on different bounding boxes.
Top left: ground-truth object bounding box; Top right and oth-
ers: bounding boxes recovered from DUSt3R using five refer-
ence images from three different reference databases introduced
in Sec. 4.1.

Real Data Training Ref. Images

5
5

ADD(s)-0.1d  Proj2D@5px

40.6 25.4
51.3 43.8

w/o
w

Table 7. Performance on LINEMOD with different training
datasets. The best results are shown in bold.

0.15 ms for pose recovery, confirming its real-time perfor-
mance. Prior to inference, reconstructing 5 reference im-
ages with DUSt3R (including model loading, reconstruc-
tion, and point cloud filtering) requires roughly 5.3 s. This
process is conducted offline for once and does not affect
real-time inference.

5. Conclusion

In this paper, we introduced BoxDreamer, a novel frame-
work for generalizable object pose estimation that leverages
object bounding box corners as an intermediate representa-
tion. Extensive experiments demonstrate that BoxDreamer
significantly improves pose estimation performance, espe-
cially in challenging scenarios such as sparse view inputs
and occlusions. Moreover, the efficient transformer decoder
enables real-time performance, enhancing the method’s
practical applicability.

Limitations and Future Work. Although BoxDreamer
shows promising results, it still struggles with estimating
the poses of symmetric objects. While the framework can
handle dense view inputs, this leads to higher memory us-
age. A key future direction is to leverage dense inputs
for improved accuracy without additional time or memory
costs. Moreover, since object detection and pose estimation
are treated separately, integrating 2D object detection with
3D bounding box corner prediction would further enhance
the method’s practicality.
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