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Abstract

Leveraging massive knowledge from large lan-
guage models (LLMs), recent machine learn-
ing models show notable successes in general-
purpose task solving in diverse domains such as
computer vision and robotics. However, several
significant challenges remain: (i) most of these
models rely on 2D images yet exhibit a limited
capacity for 3D input; (ii) these models rarely
explore the tasks inherently defined in 3D world,
e.g., 3D grounding, embodied reasoning and act-
ing. We argue these limitations significantly hin-
der current models from performing real-world
tasks and approaching general intelligence. To
this end, we introduce LEO, an embodied multi-
modal generalist agent that excels in perceiving,
grounding, reasoning, planning, and acting in the
3D world. LEO is trained with a unified task
interface, model architecture, and objective in
two stages: (i) 3D vision-language (VL) align-
ment and (ii) 3D vision-language-action (VLA)
instruction tuning. We collect large-scale datasets
comprising diverse object-level and scene-level
tasks, which require considerable understanding
of and interaction with the 3D world. Moreover,
we meticulously design an LLM-assisted pipeline
to produce high-quality 3D VL data. Through
extensive experiments, we demonstrate LEO’s re-
markable proficiency across a wide spectrum of
tasks, including 3D captioning, question answer-
ing, embodied reasoning, navigation and manipu-
lation. Our ablative studies and scaling analyses
further provide valuable insights for developing
future embodied generalist agents. Code and data
are available on project page.
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1. Introduction

Building one generalist model that can handle compre-
hensive tasks like humans has been a long-existing pur-
suit in artificial intelligence and neuroscience (Lake et al.,
2015; 2017; Zhu et al., 2020; Mountcastle, 1979; Schmid-
huber, 2018; Huang et al., 2022a). Recent advances in
LLMs (Brown et al., 2020) and “foundation models” (Bom-
masani et al., 2021) emerge as a promising paradigm in
building such generalist models in natural language pro-
cessing (OpenAl, 2022; 2023), computer vision (Kirillov
et al., 2023; Alayrac et al., 2022), and robotics (Brohan
etal., 2022; 2023; Reed et al., 2022; Driess et al., 2023; Li
et al., 2023c). The keys to the success of this paradigm
lie in large-scale internet-level datasets from numerous
tasks and domains, as well as scalable Transformer architec-
tures (Vaswani et al., 2017) that can absorb generalizable
and task-agnostic knowledge from the data. Nonetheless, ex-
isting generalist models primarily thrive within 2D domains,
lacking comprehension of the 3D physical environment that
envelops human-level intelligence. This limitation stands as
an obstacle that prevents current models from solving real-
world tasks and approaching general intelligence. Therefore,
we ask a fundamental question: how to equip the generalist
agent with a comprehensive understanding of and the ability
to interact with the real 3D world?

The development of such generalist agents encounters three
primary challenges: the lack of suitable datasets, unified
models, and effective learning strategies. Despite substan-
tial progress in scaling up image-text models (Tsimpoukelli
et al., 2021; Alayrac et al., 2022) and the curation of corre-
sponding datasets (Radford et al., 2021; Schuhmann et al.,
2022), advancement in 3D scene-level understanding has
significantly lagged behind. This is largely attributed to the
limited scale and manual labeling of 3D datasets (Dai et al.,
2017; Wald et al., 2019; Chen et al., 2020), given the higher
cost associated with collecting 3D data compared to 2D data.
Furthermore, large-scale unified pretraining and efficient
finetuning are under-explored by previous 3D VL models,
which are often designed with strong priors (Zhao et al.,
2021; Chen et al., 2022). Notably, recent works (Zhu et al.,
2023c; Hong et al., 2023) utilize multi-modal Transformer
together with synthetic data to enhance the model’s capa-
bility in grounded 3D scene understanding. Nevertheless,
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Figure 1: The proposed embodied generalist agertEO. It takes egocentric 2D images, 3D point clouds, and texts as input and
formulates comprehensive 3D tasks as autoregressive sequence prediction. By instructiohBE@ifigextends the capability dfLMs
to multi-modal vision-language-action tasks with a uni ed model.

they fall short in embodied tasks,g, acting within 3D  to generate high-quality 3D VL data, wherein we propose

environments. Additionally, there are signi cant yet rarely to promptLLMs (OpenAl, 2022) with scene graphs and

explored problems.g, the potential oi/LA learning and  Object-centric Chain-of-Though©:CoT) method. To fur-

ef cient adaptation of LLMs for 3D tasks. ther enhance quality control, we devise a series of re ne-

In this work, we introduce the generalist age0, which ment procgdures via regular expression matching and scene
egraph retrieval. We demonstrate our approach largely en-

is generically embo@ed, mult|-modal, and general-purpos fiches the data scale and diversity, meanwhile mitigating
It can take egocentric 2D images, 3D point clouds, and teXt%allucination in LLM-generated data

as task input and handle comprehensive tasks within the
3D environment. As shown in Fig. LEO exhibits the We quantitatively evaluate and abldt& O on diverse 3D
capability of perceiving, grounding, reasoning, planning,tasks, including 3D captioning (Chen et al., 2021), 3D ques-
and acting with a uni ed task interface, model architecture,tion answering (Azuma et al., 2022), situated question an-
and objective.LEO perceives through an egocentric 2D swering (Ma et al., 2023), embodied navigation (Ramrakhya
image encoder for the embodied view and an object-centriet al., 2022), and robotic manipulation (Shridhar et al., 2021).
3D point cloud encoder for the third-person global view.The results indicate (i) through task-agnostic instruction tun-
Such perception modules can be exibly adapted to variousng with a uni ed model,LEO achieves state-of-the-art
embodied environments and enhance 3D reasoning. The gmerformances on most tasks, particularly surpassing previ-
coded visual tokens are interleaved with text tokens to fornous task-speci ¢ models; (iil.EO shows pro ciency in

a uni ed multi-modal task sequence, which further servesscene-grounded dialogue and planning, capable of gener-
as the input to a decoder-only LLM. Equipped with a vocab-ating exible and coherent responses; (liEO achieves
ulary containing both text and action tokens, the LLM cancomparable performances to state-of-the-art task-speci c
generate responses to various tasks simultaneously. Conseedels on navigation and manipulation tasks, and exhibits
quently, all the tasks are formulated as sequence predictioremarkable generalization ability; (W)EO's strong per-
thereby accommodating a uni ed training objective. formances stem from both data and model aspects, includ-
ing the alignment stage, data diversity, generalist-style in-
struction tuning, and object-centric representation &0
manifests the scaling law that echoes prior ndings (Kaplan
et al., 2020; Reed et al., 2022; OpenAl, 2023). We also
gresent qualitative results to illustrdt& O's versatility and

pro ciency in grounded 3D scene understanding.

Following prior experiences (Liu et al., 2023b), we adopt
a two-stage learning schemieg., 3D VL alignment and
3D VLA instruction tuning. We accordingly collect large-
scale comprehensive datase0-align andLE O-instruct,
which comprise diverse object-level and scene-level task
Notably, we meticulously design an LLM-assisted pipeline
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