
Published as a conference paper at ICLR 2025

6D OBJECT POSE TRACKING IN INTERNET VIDEOS
FOR ROBOTIC MANIPULATION

Georgy Ponimatkin1,2∗ Martin Cı́fka1,2∗ Tomáš Souček1 Médéric Fourmy1
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ABSTRACT

We seek to extract a temporally consistent 6D pose trajectory of a manipulated ob-
ject from an Internet instructional video. This is a challenging set-up for current
6D pose estimation methods due to uncontrolled capturing conditions, subtle but
dynamic object motions, and the fact that the exact mesh of the manipulated object
is not known. To address these challenges, we present the following contributions.
First, we develop a new method that estimates the 6D pose of any object in the
input image without prior knowledge of the object itself. The method proceeds
by (i) retrieving a CAD model similar to the depicted object from a large-scale
model database, (ii) 6D aligning the retrieved CAD model with the input image,
and (iii) grounding the absolute scale of the object with respect to the scene. Sec-
ond, we extract smooth 6D object trajectories from Internet videos by carefully
tracking the detected objects across video frames. The extracted object trajecto-
ries are then retargeted via trajectory optimization into the configuration space of
a robotic manipulator. Third, we thoroughly evaluate and ablate our 6D pose esti-
mation method on YCB-V and HOPE-Video datasets as well as a new dataset of
instructional videos manually annotated with approximate 6D object trajectories.
We demonstrate significant improvements over existing state-of-the-art RGB 6D
pose estimation methods. Finally, we show that the 6D object motion estimated
from Internet videos can be transferred to a 7-axis robotic manipulator both in a
virtual simulator as well as in a real world set-up. We also successfully apply our
method to egocentric videos taken from the EPIC-KITCHENS dataset, demon-
strating potential for Embodied AI applications.

(a) input video (b) retrieved mesh (c) 6D pose trajectory (d) robot trajectory

Figure 1: Robotic manipulation guided by an instructional video. (a) Given an instructional
video from the Internet, our approach: (b) retrieves a visually similar mesh for the manipulated
object from a large mesh database, (c) estimates the approximate 6D pose trajectory of the object
across video frames, and (d) transfers the object trajectory onto a 7-axis robotic manipulator.

1 INTRODUCTION

In this work, we make a step towards learning robotic object manipulation skills from Internet in-
structional videos, as illustrated in Figure 1. This is a challenging problem as Internet instructional
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videos present uncontrolled capturing conditions where people manipulate a large variety of objects
often in a dynamic fashion. While humans can easily learn even complex manipulation tasks from
one or more instructional videos, building machines with similar cognitive and sensory-motor capa-
bilities remains a major open challenge. Yet, such capabilities would enable tapping into millions of
instructional videos available online (Miech et al., 2019).

Current methods for learning object manipulation skills from instructional videos have focused on
learning manipulation for stick-like objects (e.g., hammer, scythe, or spade) (Li et al., 2022; Zo-
rina et al., 2021), require tens or even hundreds of training examples captured from multiple view-
points (Sermanet et al., 2018) or focus on recovering a static pose of the manipulated object (Patel
et al., 2022; Wu et al., 2024). In contrast, we leverage the recent progress in 6D object pose esti-
mation and object tracking, and develop a novel method for 6D object pose estimation that allows
for extracting temporally consistent 6D object trajectories from uncontrolled Internet videos without
any prior knowledge about the object itself. Despite being simple and training-free, the method can
extract object trajectories that can be transferred to a robotic manipulator, making a signi�cant step
towards large-scale learning of robotic manipulation skills from Internet's instructional videos.

In detail, we make the following contributions:

• First, we develop a method that estimates the 6D pose of any object in an image without prior
knowledge of the object itself. The method works by (i) retrieving a CAD model similar to the
object in the image from a large-scale database, (ii) aligning the retrieved CAD model with the
object, and (iii) grounding the object scale with respect to the scene.

• Second, we extract smooth 6D object trajectories from Internet videos by carefully tracking the
detected objects across video frames. The extracted 6D object trajectories are then retargeted via
trajectory optimization into the con�guration space of a robotic manipulator.

• Third, we thoroughly evaluate and ablate our 6D pose estimation method on YCB-V and HOPE-
Video datasets as well as a new dataset of instructional videos manually annotated with approx-
imate 6D object trajectories. We demonstrate signi�cant improvements over existing state-of-
the-art RGB 6D pose estimation methods.

• Finally, we show that the 6D object motion estimated from Internet videos can be transferred
to a 7-axis robotic manipulator both in a virtual simulator as well as in a real world robotic set-
up. Additionally, we apply our method to egocentric videos taken from the EPIC-KITCHENS
dataset, showing our method can be useful in various Embodied AI applications.

2 RELATED WORK

Object instance detection and mesh retrieval.Image based pose estimation methods are usually
decomposed into successive steps: object instance detection, often paired with mesh identi�cation,
followed by pose estimation. When the depicted objects all belong to a relatively small dataset (Xi-
ang et al., 2018; Hodan et al., 2017; Tyree et al., 2022), most methods train an off-the-shelf 2D
object detector, such as FasterRCNN Ren et al. (2016); Li et al. (2020), MaskRCNN (He et al.,
2017; Labb́e et al., 2020) or YOLOV8 (Jocher et al., 2023; Wang et al., 2021), using synthetic train-
ing data (Denninger et al., 2023). These supervised detectors achieve very high performance on
standard benchmarks (Hodan et al., 2024) but are limited by the need of retraining for each new
object instance. More recently, open-ended object detectors have appeared thanks to the advent of
powerful foundation models (Ke et al., 2023; Oquab et al., 2024). For a given set of textured meshes,
CNOS (Nguyen et al., 2023) proposes an onboarding phase where the known meshes are rendered
across a set of viewpoints that are encoded with powerful image features such as (Oquab et al., 2024).
At run time, candidate objects are segmented in the input RGB image using an object segmenter,
such as SAM (Kirillov et al., 2023; Zhao et al., 2023), and encoded using the same image features.
The depicted object instance is then matched to one of the known meshes whose image encoding is
the most similar with the instance features across views. Recent advancements include reducing the
number of false detections (Lu et al., 2024) by improving the instance segmentation (Nguyen et al.,
2023) using (Liu et al., 2024b), or developing better view-level feature aggregation techniques such
as Foreground Feature Averaging (Kotar et al., 2023).

Model-based 6D pose estimation.Recent progress in deep-learning based 6D pose estimation has
been focused on increasing precision of alignment-based methods (Wang et al., 2021; Labbé et al.,
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2020). This progress was made possible by the availability of large scale object databases (Downs
et al., 2022; Deitke et al., 2023), procedural rendering software to produce synthetic training
data (Denninger et al., 2023), and well-maintained public test datasets and benchmarks (Hodan
et al., 2020). The recent results of the BOP challenge indicate that the metrics on 6D localization
of objects known during training are starting to saturate (Hodan et al., 2024). The community effort
has now shifted toward the development of models able to generalize to objects unseen during train-
ing (Zhao et al., 2022; Labbé et al., 2022; Nguyen et al., 2024;Örnek et al., 2024) which are often
decomposed in coarse template matching (Nguyen et al., 2022) followed by iterative re�nement (Hai
et al., 2023). However, these model-based methods tend to lack robustness when the retrieved mesh
differs too much from the object depicted in the input image, which limits their application in less
controlled, “in the wild” settings. In this work, we aim to overcome this key limitation.

6D pose estimation in the wild.For uncontrolled setups, such as in Internet videos, one typically
does not have access to exact models of the depicted objects.Category-levelpose estimation meth-
ods drop the requirement for exact models by assuming the existence of a canonical reference frame
among a class of objects (e.g., mugs or cars). Some of the works make simplifying assumptions
by constraining the object rotation along the gravity direction, which is reasonable for large items
such as furniture or vehicles (Papon & Schoeler, 2015; Braun et al., 2016). For 6D category pose
estimation, the normalized object coordinate space representation is a popular choice (Brachmann
et al., 2014; Wang et al., 2019; Xiao et al., 2022). In contrast, model-free pose estimation methods
make no assumption on the type of objects present in the scene but rely either on a onboarding
procedure where several reference images of the target object are captured together with the cor-
responding metric camera poses (Sun et al., 2022; He et al., 2022a) (e.g., using ARKit) or require
the use of RGBD images as input at run-time (Wen & Bekris, 2021; He et al., 2022b). While the
model-free methods are versatile, the absence of a metric mesh or a volumetric model limits their
use for applications in simulation or robotics. Finally, another approach is to jointly reconstruct the
object shape and solve for the camera pose(s) (Irshad et al., 2022). Object reconstruction may be
done during an onboarding phase using one image (Long et al., 2024; Nguyen et al., 2024) or multi-
view reconstruction (Yariv et al., 2020; Wen et al., 2024). However, the onboarding images are often
required to display the object in a static pose and from several different views (> 20), which makes
these methods unsuitable for directly estimating object poses from in-the-wild Internet videos. An
alternative to onboarding can be test-time adaptation (Shi et al., 2024) to address the novel shapes at
test time. Some works (Hasson et al., 2019; Zhang et al., 2020; Cao et al., 2021; Wen et al., 2023)
have considered jointly reconstructing and tracking of objects interacting with hands, but none of
these have demonstrated transferring object motion from in-the-wild Internet videos to a robotic ma-
nipulator. In contrast, we propose to tackle uncontrolled Internet videos via an approach combining
mesh retrieval, 6D pose alignment, object tracking and trajectory optimization to go from the input
unconstrained Internet video to a motion imitating the �ne-grained human manipulation on a robot.

Learning robotic manipulation from video. One strategy for learning robot manipulation skills
from human demonstrations consists of extracting reward signals from the videos and using the
reward to train a robotic policy using reinforcement learning (a good survey of different meth-
ods is in (McCarthy et al., 2024)). Examples include (Sermanet et al., 2018), which de�nes the
reward using image features extracted with an embedding model trained with time-contrastive self-
supervision. The model requires a relatively large number of real demonstrations (around 100).
Other works operate from a single demonstration and leverage explicit 3D object representations
and estimated object poses to de�ne the rewards. For example, (Petr�́k et al., 2021) uses a differ-
entiable renderer to estimate the pose of geometric primitives approximating the objects shapes,
and (Zorina et al., 2021) estimates the pose of stick-like objects (hammer, scythe) using the method
of Li et al. (2022) and physics-based temporal smoothing. Closest to ours is Patel et al. (2022) which
considers any type of object with a known 3D model. They demonstrate results for positioning ob-
jects into a static pose given by a video. In contrast, we do not assume the exact 3D model to be
known and we show results for a complete task (e.g., pouring).

3 APPROACH

We �rst in Section 3.1 present our method for computing 6D poses for objects without knowing their
exact 3D models. Then, in Section 3.2, we describe how we extract smooth 6D object trajectories
from Internet videos and transfer them to a real robotic manipulator.

3



Published as a conference paper at ICLR 2025

Figure 2: Overview of our 6D object pose estimation without a known 3D mesh (Sec. 3.1).
Given an input RGB image, our method: (a) detects and segments objects present in the image, (b)
retrieves similar meshes from a large-scale object database via patch-based retrieval, (c) estimates
the absolute scale of depicted objects in the scene via LLM-based re-scaling, and (d) estimates the
camera-to-object rotationR and translationt via alignment of the retrieved (approximate) mesh.

3.1 6D OBJECTPOSEESTIMATION WITHOUT A KNOWN 3D MESH

Given an image or a video frame, our goal is to detect and estimate the 6D pose of objects in the
image. We wish to predict the object poses for in-the-wild images and videos without any prior
knowledge of the objects themselves. Therefore, in contrast to the standard 6D pose estimation
methods, our main challenge is the lack of a known CAD model of the object. Further, as the CAD
model is unknown, the size of the object in the image is also unknown. The object can appear small
in the image because it is small, or it is large but far from the camera.

To tackle these challenges, we present a novel method that(a) after detection and segmentation of
the object in the image using an open-set detector,(b) retrieves a CAD model semantically and
geometrically similar to the object in the image from a large database,(c) computes the object scale
by estimating the monocular depth and grounding it to the real world using a large language model,
and(d) estimates the 6D pose of the object in the image by aligning it with the retrieved CAD model.
The overview of our approach is shown in Figure 2, and each of the steps is described below.

Object detection and segmentation.We use an open-set object detector with an image segmenter to
generate high-quality object proposals and masks for objects present in the input image. Additional
details can be found in Appendix A.1.

CAD model retrieval. Given an image or a video frame, our goal is to obtain CAD models of salient
objects present in the image. While single-view 3D reconstruction methods (Wang et al., 2024;
Szymanowicz et al., 2024; Liu et al., 2023) offer possible solution, we found them unsatis�able for
our task of 6D pose detection and tracking in the wild. Instead, for each object in the image, we
retrieve the most similar CAD model from a large-scale reference database composed of Objaverse-
LVIS (Deitke et al., 2023) and Google Scanned Objects (Downs et al., 2022).

The key question is how to perform retrieval of the most similar CAD model for an object in the
input RGB image. This is hard as the database typically does not contain the exact CAD model for
the depicted object. Hence, the goal is to retrieve another model instance from the same category
(e.g., another similarly-looking mug). To perform such “category-level” retrieval, we use pre-trained
foundationimage features, as they are invariant to appearance differences between real images and
CAD model renders. In detail, we represent each CAD model in the database as a single feature
descriptor obtained by foreground feature averaging (FFA) (Kotar et al., 2023) of patch-level feature
maps (Oquab et al., 2024) obtained from multiple rendered views of the given CAD model. For
each proposal generated by the object detector and segmenter, we then extract the sameFFA feature
descriptor and retrieve the most similar CAD model from the database.
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6D object pose estimation via category-level view alignment.Given the retrieved CAD model
with its associated object mask in the input image, the goal is to estimate rotationR 2 SO(3) and
translationt 2 R3 of the object in camera coordinate space. We assume a pinhole camera model
with focal lengthf , principal pointc, and an approximate scale of the model. In Appendix A.2, we
discuss how these assumptions can be relaxed.

First, we estimate the object's rotation via view alignment. In particular, we proceed as follows:
we crop, mask, and rescale the image according to the object's mask and compute its patch fea-
tures (Oquab et al., 2024), here denoted asf pquery

k gk wherek is the patch index. Then, we compute
the dot product with the patch featuresf pCAD

k (R )gk of a view of the CAD model rendered in ro-
tation R and select the best rotationR � maximizing the dot product averaged across all theN
patches:

R � = arg max
R

1
N

NX

k=1

hpquery
k ; pCAD

k (R )i : (1)

We use views rendered with rotations sampled using the viewpoint sampler of Alexa (2022).

The translationt is computed in two steps. First, thez (depth) coordinate is computed by rescaling
the CAD model's width, height, and depth[ow ; oh ; od] in the rendered coordinate space[R � j0] by
the object's bounding box widthbw and heightbh as :

t z =
1
2

�
f

ow

bw
+ f

oh

bh

�
: (2)

Then, thex andy coordinates are computed using the bounding box center[bx ; by ] and the camera
intrinsics as:t x = ( bx � cx )t z=f and t y = ( by � cy )t z=f . If the intrinsics of the camera are
unknown, we observed that using common intrinsic values (equal to the �eld of view of 53 degrees)
yields good results up to the absolute scale of the scene. The detailed discussion of this topic is in
Appendix A.2. Determining the absolute scale is discussed next.

Object scale estimation via monocular depth prediction and LLM.Obtaining correct 6D pose of
an object requires knowledge of its absolute scale. However, we cannot rely on the arbitrary scales
of the CAD models found in our database. For example, the database models can have signi�cantly
different scales (metric or imperial, millimeters or meters), which makes it impossible to automati-
cally use them for pose estimation tasks. Although one can roughly estimate the object scales from
point clouds obtained by back-projection using a depth map, for in-the-wild scenarios, such as in
Internet videos, the depth map is often not available. Instead, we develop a scale estimation method
requiring only single-view RGB input, that takes advantage of a depth map estimated using a neural
network and information about common object scales obtained from a large language model (LLM).

While it is impossible to predict a metrically accurate depth map from a single image, especially
if the camera intrinsic parameters are not known, we observe that monocular depth predictors can
be used to obtain relative scales of the objects even with unknown intrinsic parameters. We assign
relative scaler i to every objecti as the distance between the furthest object point and object center
along object's principal axis as computed from the point cloud obtained from the monocular depth
predictor (Bhat et al., 2023), while using the common intrinsic priors (see the second paragraph in
Appendix A.2). To obtain the metric scalesmi , we �rst ask GPT-4 (OpenAI, 2024) to generate a list
of common object text descriptions with their typical size in meters. Then, we classify the depicted
object using the dot product between CLIP (Cherti et al., 2023) features of the object's image and
the text descriptions generated by GPT-4. We retrieve the corresponding scale as the scale of the
best matching text descriptions as measured by the dot product. Note, that our set of generated text
descriptions is not tailored to any speci�c scene type. Instead, it is designed to encompass a wide
range of everyday objects, therefore it can be generated of�ine. Moreover, the set can be easily
adapted to speci�c use cases by generating new descriptions using a modi�ed prompt, if needed.
Finally, we use the metric scalesmi to globally rescale the relative scalesr i obtained from the depth
map. In this way, we keep the estimated ratios between the object scales, but employ the metric
information obtained using the LLM. More details about the scale estimation method, including the
outlier rejection procedure, can be found in Appendix A.3. Note that our approach aggregates scale
estimates from multiple objects in the scene in a robust manner, which makes our method tolerant
to incorrect scale estimates of some of the objects within the scene.
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3.2 ROBOTIC OBJECTMANIPULATION FROM INTERNET V IDEOS

In this section we describe how we obtain temporally consistent 6D pose trajectories from Internet
videos and how we use those trajectories to drive a robotic manipulator. This problem is challenging
as the input videos often depict �ne-grained dynamic object motions (think person trying to empty a
ketchup bottle). To address this issue we design an approach that outputs a smooth 6D motion in the
con�guration space of the robot by leveraging (i) approximate 6D object pose estimates obtained by
the approach described in Section 3.1 with (ii) recent advances in accurate 2D feature point tracking
in video (Karaev et al., 2024) and (iii) trajectory optimization techniques in robotics.

Pose tracking for recovering object trajectories from Internet videos.The category-level align-
ment approach described in Section 3.1 predicts a discrete set of rotations. Also, the alignment can-
not recover the relative inter-frame rotation of cylindrically symmetric objects such as cups, bottles,
or bowls due to the different textures of the real and the retrieved 3D objects. To produce smooth
trajectories with correct inter-frame rotations that can be transferred to a robotic manipulator, we
track the object across video frames using a dense point video tracker (Karaev et al., 2024). The
tracking is initialized by sampling 3D pointspC 2 R3 on the retrieved object and projecting them
into a video frame using the object pose estimate obtained using our 6D pose estimation approach,
resulting in a set of 2D image pointspI 2 R2. The pointspI are tracked across video frames to
produce a set of correspondencesf (pC ; pj

I )gp wherej is the index of a video frame. Assuming a
static camera, the temporally re�ned 6D pose of the object is computed for each framej using the
PnP algorithm (Lepetit et al., 2009) on the set of 3D-2D correspondencesf (pC ; pj

I )gp. The tempo-
rally re�ned poses obtained from this procedure result in smoother trajectories with fewer errors for
video frames with partial occlusions. Note that for moving cameras, camera movement correction
can be made by estimating the relative camera poses from the static video background using readily
available software such as COLMAP (Schönberger & Frahm, 2016). In this paper, we focus on
object motion relative to the camera and thus do not explicitly estimate the camera's relative poses
in the video.

Retargeting trajectories to a robotic manipulator. The temporally re�ned sequence of poses of
the manipulated object is then used as a target to compute a trajectory in the con�guration space
of the robot imitating the object 6D trajectory extracted from the video. We address this problem
using trajectory optimization as described next. To express the sequence of estimated object poses
in the robot frame of reference, we manually locate the camera in the robot space and recompute
the object poses estimated in the camera frame into the robot frame. We express the pose of the
object with respect to the robot at timet using transformationTt that captures both the rotation and
translation of the object in a homogeneous representation, as explained in (Sola et al., 2018). To
obtain the robot trajectory, we use trajectory optimization (Jallet et al., 2023) to solve the following
optimization problem:

� 0; : : : � N = arg min
� 0 ;::: � N

N � 1X

t =0

wd log(T � 1
t

~Tt ) + w _q k _qk2 + w� k� k2 ; (3)

where� is the torque that controls the robot joints; the �rst cost term weighted bywd penalizes
SE(3) distance via SE(3)log function (Sola et al., 2018) betweenTt , pose of the object at timet
held by the robot, and~Tt , the pose of the object estimated from the video; the second and third
terms of the cost regularize the velocity_q and torque� of the robot to prevent redundant motion of
the robot. Optimization is solved using torque control actions to achieve a smooth trajectory in the
robot con�guration space. See Appendix A.6 for more details.

4 EXPERIMENTS

In this section, we �rst describe the datasets and metrics used. Then we present a comparison of our
method with state-of-the-art 6D pose estimation methods on the YCB-V and HOPE-Video datasets
and we ablate the key components of our approach. Finally, we evaluate the proposed method on
challenging Internet videos and demonstrate that the estimated 6D object trajectories can be imitated
by a robotic manipulator. Additionally, in Appendix C.5 we provide quantitative results on DTTD2
(Huang et al., 2023) dataset.
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Table 1:Comparison with the state-of-the-art on the YCB-V and HOPE-Video datasets.The
6D pose estimation results of our approach compared to MegaPose (Labbé et al., 2022), Giga-
Pose (Nguyen et al., 2024), and FoundPose (Örnek et al., 2024). Our method outperforms all other
methods in all the metrics.

YCB-V HOPE-Video
Method AR" ARCoU" ARCH" ARpCH" AR" ARCoU" ARCH" ARpCH"

MegaPose (coarse) 23.75 10.08 10.65 50.5331.77 9.96 6.87 78.50
MegaPose 25.76 14.01 11.91 51.3733.03 13.07 6.38 79.64
GigaPose 29.18 11.90 9.20 66.4523.12 4.15 4.90 60.30
FoundPose 42.95 35.40 15.69 77.7542.30 31.18 9.58 86.13
Ours 49.86 45.20 18.53 85.83 45.98 39.21 10.72 88.01

Table 2: In�uence of different model retrieval
methods on 6D pose estimation.

Retrieval AR" ARCoU" ARCH" ARpCH"

(a) OpenShape 34.51 20.25 10.59 72.69
(b) Ours (CLS) 45.05 40.93 16.16 78.06
(c) Ours 49.86 45.20 18.53 85.83
(d) Oracle 62.93 51.99 45.95 90.85

Table 3: Effects of scale estimation
method on the 6D pose estimation.

Scale Estimator ARCH
†"

Constant 11.89
Ours 18.53
Oracle 45.95
† Other metrics are scale-independent.

4.1 EVALUATION OF 6D POSEESTIMATION ON STANDARD DATASETS

Datasets and metrics. We evaluate our method on YCB-V (Xiang et al., 2018) and HOPE-
Video (Lin et al., 2021). The datasets feature cluttered scenes with partially occluded objects, re-
sembling our target Internet videos. Both datasets contain full 6D pose annotation with the known
object meshes available, yet, in our experiments, we utilize the meshes retrieved from Objaverse-
LVIS (Deitke et al., 2023) and Google Scanned Objects (Downs et al., 2022) datasets instead. This
simulates the in-the-wild scenario where noground-truthmeshes are available.

For evaluation, we follow the BOP-inspired protocol, whereaverage recall(AR) is estimated for
every metric. We report the standard Chamfer distance (CH) metric. However, because this metric
is highly dependent on the correct CAD model scale which is unavailable in our scenario, we also
report projection-based metrics, i.e., projected Chamfer distance (pCH) and complement over union
(CoU). We also report mean AR across all metrics. For comparison of proposal generation methods,
we also report average precision. See details of the metrics in Appendix B.

Comparison with the state of the art.We compared our RGB-only approach against state-of-the-
art RGB-only methods from the BOP challenge's “unseen-objects” category, as our target YouTube
videos lack depth information. The top open-source methods compared were GigaPose (Nguyen
et al., 2024), FoundPose (Örnek et al., 2024), and MegaPose (Labbé et al., 2022). We always use
retrieved meshes and scales estimates instead of the ground truth meshes for a fair comparison.
The results of the methods on the YCB-V and HOPE-Video datasets are shown in Table 1. The
table shows our method signi�cantly outperforms all three methods, and impressively, our method
achieves that without any in-domain training or �ne-tuning. This indicates that MegaPose, GigaPose
and FoundPose, designed for 6D pose estimation with precise and known meshes, do not generalize
well to scenarios with unknown or imprecise meshes and are unsuitable for the in-the-wild task.

4.1.1 ABLATIONS OF KEY COMPONENTS

CAD model retrieval. We compare our method for CAD model retrieval to the OpenShape (Liu
et al., 2024a) baseline on the YCB-V dataset in Table 2. OpenShape is a multi-modal model that
aligns point clouds into CLIP space using PointBERT (Yu et al., 2022). While OpenShape works
well when the ground truth models are present in the database, in our scenario, when the exact
models are unavailable, our method(c) outperforms OpenShape(a) by roughly44% as measured
by �nal pose estimation quality. As the upper bound for CAD model retrieval, we also show our
method in the scenario when the exact meshes of the objects depicted in the image and their scales
are known(d). Additionally, we compare our choice of using theFFA descriptor with the per-view
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Figure 3:Qualitative results of our method on the YCB-V dataset.On the YCB-V dataset our
method is able to detect objects that are not part of the dataset (such as keyboard in image F and
chair in image C), which highlights the bene�t of our method of not being restricted to the ground
truth meshes.
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Figure 4:Qualitative results of our method on the HOPE-Video dataset.On the HOPE-Video
dataset our method reconstructs complex scenes with multiple objects while respecting partial oc-
clusions.

averagedCLStoken descriptor. We show that foreground feature averaging(c) outperforms theCLS
token(b) substantially. We provide further ablations on the descriptor choice in Appendix C.1.

Scale estimation.We compare our object scale estimation method to the constant scale baseline of
10cm on the YCB-V dataset in Table 3. Even though estimating scale from a single image is an ill-
posed problem, our method that uses a scale prior obtained from a large language model improves
the average Chamfer distance recall by 55% over the constant model scaling. This shows the LLM
brings insightful information about the object sizes.

4.1.2 QUALITATIVE RESULTS OF6D POSEESTIMATION

The qualitative results on YCB-V images are shown in Figure 3 and qualitative results on HOPE-
Video are shown in Figure 4. The successful examples in the �gure demonstrate the capability of the
proposed method, that is, being able to retrieve an object in the same category and to align its pose
despite visual differences. For example, consider the drill in the Figure 3-A: our method retrieves
another type of drill whose texture differs from the texture in the query image, but the retrieved CAD
model is still aligned with the input query image. A similar example is shown in Figure 4-A, where
our method aligns meshes with textures different from the objects depicted in the input image. An
added bene�t of our method is it's capability to align objects that are outside of the training dataset.
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