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Abstract

A vision model with general-purpose object-level 3D understanding should be
capable of inferring both 2D (e.g., class name and bounding box) and 3D infor-
mation (e.g., 3D location and 3D viewpoint) for arbitrary rigid objects in natural
images. This is a challenging task, as it involves inferring 3D information from 2D
signals and most importantly, generalizing to rigid objects from unseen categories.
However, existing datasets with object-level 3D annotations are often limited by
the number of categories or the quality of annotations. Models developed on these
datasets become specialists for certain categories or domains, and fail to gener-
alize. In this work, we present ImageNet3D, a large dataset for general-purpose
object-level 3D understanding. ImageNet3D augments 200 categories from the
ImageNet dataset with 2D bounding box, 3D pose, 3D location annotations, and im-
age captions interleaved with 3D information. With the new annotations available
in ImageNet3D, we could (i) analyze the object-level 3D awareness of visual foun-
dation models, and (ii) study and develop general-purpose models that infer both
2D and 3D information for arbitrary rigid objects in natural images, and (iii) inte-
grate unified 3D models with large language models for 3D-related reasoning. We
consider two new tasks, probing of object-level 3D awareness and open vocabulary
pose estimation, besides standard classification and pose estimation. Experimental
results on ImageNet3D demonstrate the potential of our dataset in building vision
models with stronger general-purpose object-level 3D understanding. Our dataset
and project page are available here: https://imagenet3d.github.io.

1 Introduction

General-purpose object-level 3D understanding requires models to infer both 2D (e.g., class name and
bounding box) and 3D information (e.g., 3D location and 3D viewpoint) for arbitrary rigid objects
in natural images. Correctly predicting these 2D and 3D information is crucial to a wide range of
applications in robotics [1, 2] and general-purpose artificial intelligence [3, 4, 5]. Despite the success
of previous learning-based approaches [0, 7], embodied or multi-modal LLM agents with stronger
3D awareness will not only reason and interact better with the 3D world [8, 9], but also alleviate
certain key limitations, such as shortcut learning [10] or hallucination [11, 12].

Despite the importance of object-level 3D understanding, previous datasets in this area were limited
to a very small number of categories [13, 14, 15] or specific domains, such as autonomous driving [ 16,
17] or indoor furniture [18]. Subsequent works then focused on developing specialized models that
excel at 3D tasks for the categories and domains considered in these datasets. While these specialized
models are found useful for certain downstream applications, they fail easily when generalizing to
novel categories. It is largely understudied of how to develop unified 3D models that are capable of
inferring 2D and 3D information for all common rigid objects in natural images.
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Figure 1: Overview of ImageNet3D data and annotations. ImageNet3D provides 3D location
and viewpoint (i.e., 6D pose) for more than 86,000 objects. We also annotate cross-category
3D alignment for the 200 rigid categories in ImageNet3D. Lastly we generate image captions
interleaved with 3D information to integrate unified 3D models with large language models.

In the following, we consider two types of unified 3D models. (i) Pretrained vision encoders with
object-level 3D awareness. Vision encoders from DINO [19], CLIP [20], Stable Diffusion [21], etc.
are pretrained with self-supervised or weakly-supervised objectives. By learning a 3D discriminative
representation, these vision encoders can be integrated into vision systems and benefit downstream
recognition and reasoning. While these encoders are found useful for 3D-related dense prediction
tasks [22], their object-level 3D awareness remains unclear. (ii) Supervised 3D models. By training
on a large number of diverse data with 3D annotations, these models may achieve a stronger robustness
and generalization ability. However, there has been a lack of large-scale 3D datasets with a wide
range of rigid categories, which constrains us from developing large unified 3D models for rigid
objects or study the generalization and emerging properties of these models.

In this work, we present ImageNet3D, a large dataset for general-purpose object-level 3D under-
standing. We extend 200 categories from ImageNet21k [23] with 2D bounding box and 6D pose
annotations for more than 86; 000 objects. To facilitate research on the two problems introduced
above, ImageNet3D incorporates three key designs (see Figure 1). (i) A large number of categories
and instances. ImageNet3D presents 2D and 3D annotations for a large number of object instances
from a wide range of common rigid object categories found in natural images, as opposed to previous
datasets focusing on specific categories and domains (see Table 1). This allows us to train and
evaluate large unified 3D models capable of inferring both 2D and 3D information for arbitrary
rigid objects. (ii) Cross-category 3D alignment. We align the canonical poses of all 200 categories
based on semantic parts, shapes, and common knowledge, as shown in Figure 3. This is crucial for
models to benefit from joint learning from multiple categories and to generalize to unseen categories,
while omitted in previous datasets [24]. (iii) Natural captions with 3D information. We adopt
a GPT-assisted approach [6] and produce image captions interleaved with 3D information. These
captions will be valuable assets to integrate unified 3D models with large language models [25, 26]
and perform 3D-related reasoning from natural images and language.

With the three key designs and new 3D annotations collected, ImageNet3D distinguishes itself
from all previous 3D datasets and facilitates the evaluation and research of general-purpose object-
level 3D understanding. Besides standard classification and pose estimation as studied in previous
works [13, 24], we further consider two new tasks, probing of object-level 3D awareness and open-
vocabulary pose estimation. Experimental results show that with ImageNet3D, we can develop
general-purpose models capable of inferring 3D information for a wide range of rigid categories.
Moreover, baseline results on ImageNet3D reveal the limitations of current 3D approaches and
present new problems and challenges for future studies.

2 Related Works

Datasets with 3D annotations. Previous datasets with 3D annotations have led to significant
advancements of 3D models for 3D object detection [29, 30] and pose estimation [31, 32, 14].
However, most existing datasets are limited to a small number of categories [13, 14, 15] or specific
domains, such as autonomous driving [16, 17] or indoor furniture [18]. ObjectNet3D [24] extends the



Dataset Images # categories  #instances  Annotations

PASCAL3D+ (2014) [13] Real 12 12,000 6D pose

ObjectNet3D (2016) [24] Real 100 57,000 6D pose

CAMERA25 (2019) [27] Synthetic 6 1;000 3D bbox

REAL275 (2019) [27] Real 6 24 3D bbox

Objectron (2021) [28] Real 9 18,000 3D bbox

Wild6D (2022) [14] Real 5 2,000 3D bbox

ImageNet3D (ours) Real 200 86 000 6D pose, captions, object
visual quality, cross-category
3D alignment

Table 1:Comparison between ImageNet3D and previous datasets with 3D annotatiorBrevious
datasets are limited by the number of rigid categorl&s?8, 14] or the quality of the annotation&4l,
constraining the development of large uni ed 3D models for general-purpose 3D understanding.

number of categories but the quality of the annotations constrains us from developing large uni ed
3D models. Our ImageNet3D largely extends the number of categories and instances, improves
the annotation quality, and presents other crucial annotations such as cross-category 3D alignment
and natural captions interleaved with 3D information. ImageNet3D allows us to develop uni ed 3D
models for general-purpose 3D understanding and facilitates studies on new research problems, such
as probing of object-level 3D awareness and open-vocabulary pose estimation.

Category-level pose estimationOur work is closely related to category-level pose estimation, where

a model predicts 3D or 6D poses for arbitrary instances from certain rigid categories. Previous works
have explored keypoint-based metho@$] [and 3D compositional model8, 33]. However, these
approaches limited their scopes to a small number of categories, and as far as we know, there were
no attempts to develop large uni ed models for all common rigid categories. We further consider
open-vocabulary pose estimation where models generalize to similar but novel categories. This
topic has also been discussed in recent parallel w@#%s3p] but [35] was limited to synthetic data
rendered with photorealistic CAD models.

3D awareness of visual foundation ModelsRecent work demonstrates the signi cant capabili-

ties of large-scale pretrained vision models in 2D tagks 36, 37, 38, 21], suggesting robust 2D
representations. Beyond benchmarking the semantic and localization capabilities of visual back-
bones B9, 40, 41, 42, 43, 44], Banani et al. 2] studied the 3D awareness of these 2D models using
trainable probes and zero-shot inference methods. However, their exploration was limited to only two
basic aspects of 3D understanding — single-view surface reconstruction and multi-view consistency —
due to absence of large datasets with 3D annotations. We further analyze the 3D awareness of visual
models and provide a more comprehensive understanding of their progress in learning about the 3D
structure of the world, demonstrating the signi cance of our proposed ImageNet3D.

3 ImageNet3D Dataset

ImageNet3D dataset aims to facilitate the evaluation and research of general-purpose object-level
3D understanding models. Besides 6D pose annotations for mor&&h@d0 objects from200
categories, we annotate meta-classes, cross-category 3D alignment, and natural captions interleaved
with 3D information as demonstrated in Figure 1. We start by presenting our dataset construction in
Section 3.1. Then in Section 3.2 we introduce the necessity of cross-category 3D alignment and how
it is achieved in our dataset. Lastly, we provide details on our image caption generation in Section 3.3.

3.1 Dataset Construction

Overview. We choose the ImageNet21k datas& as our data source, as it provides a large and
diverse set of images with class labels. We start by annotating 2D bounding boxes for the object
instances in the images. We adopt a machine-assisted approach for 2D bounding box annotations,
where a Grounding DINO model ] is used to produce 2D bounding boxes prompted with the cate-
gory label. The bounding box annotations are then Itered and improved by human evaluators. Next,
we collect 3D CAD models as representative shapes for each object category from Objéslerse [



Figure 2: An overview of our ImageNet3D dataset creation pipeline.

The CAD models are carefully aligned based on their semantic parts and provide canonical poses for
6D pose annotations. For 3D annotations, we recruit a totadafhnotators to annotate 6D poses for

the objects, as well as the scene density and object visual quality. Lastly we generate natural captions
interleaved with 6D poses with GPT-40. An overview of our data generation pipeline is visualized in
Figure 2.

Object categories.Our goal is to provide 3D annotations for all common rigid categories in real world.

To achieve this, we carefully examine previous 2D and 3D datasets for image classi c&djpn [
object detection47, 29, 2], and pose estimatior2fl, 27]. We choose the categories that are rigid,

have well-de ned shapes with certain variance, and have enough number of images available, which
leads to the 200 categories in ImageNet3D. For detailed discussions on the choice of categories, please
refer to Section A.1. Moreover, to leverage existing research in the eld, we adopt the 100 categories
and raw images from ObjectNet324] and largely extend the number of categories and instances.

As one of our goals is to improve the quality of 3D annotations, we only take unannotated images
from ObjectNet3D, and all 3D annotations on these images are our original work. In Section D, we
perform human evaluation on the annotation qualities in ObjectNet3D [24] and our ImageNet3D.

Annotator recruitment. We recruit 30 annotators for data annotation. To improve the quality of the
collected data, each annotator must complete an onboarding stage before starting. The onboarding
stage includes training sessions where we present detailed instructions of various annotations and
proper ways to handle boundary cases. Additionally, each annotator must annotate sample questions
and meet the accuracy threshold to qualify for subsequent work. Please refer to Section A and
Section C regarding our annotator guidelines, training sessions, and ethics statement.

Data collection. We develop a web-based tool for data annotation so annotators can easily access
the platform without local installation. A screenshot of our annotation tool is shown in Figure 5.
For each object in ImageNet3D, the annotator needs to annotate the folldiyi8D.location and

3D viewpoint (i.e., 6D pose)for more intuitive annotating, the 3D location is parameterized as a
combination of 2D location and distance of the object. The 3D viewpoint is de ned as the rotation
of the object with respect to the canonical pose of the category, and represented by three rotation
parameters, azimuth, elevation, and in-plane rotation (see Figu(# ©ensity of the scene:A

binary label indicating if the scene is dense with many objects from the same category close to each
other. (iii) Visual quality of the object: A categorical label with one of the four options: good,
partially visible, barely visible, not visible. We refer the readers to Section C where we provide links
to our annotation guidelines and instructions.

3.2 Cross-Category 3D Alignment

As explained in Section 3.1, the 3D viewpoint of an object is de ned as the rotation of the object with
respect to the canonical pose of this category. However, in previous datasets such as Obje@#et3D [
canonical poses from different categories are not necessarily “aligned”. From the canonical poses
depicted in Figure 4, the parts where the pencils “write” or the paintbrushes “paint” are pointing to
different directions, and the spouts of faucets and kettles are also mis-aligned.

As we scale up the number of categories in 3D-annotated datasets, having cross-category 3D
alignment is a crucial design for the study of general-purpose object-level 3D understanding.






