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Figure 1: In this paper, we present a survey on foundation models for robotics. We mainly categorize the foundation models into vision
and language models used in robotics, and robotic foundation models. We also introduce how these models could mitigate the challenges of
classical robotic challenges, and projections of the potential future research directions. 1

Abstract

Building general-purpose robots that can operate seamlessly, in any environment, with any object, and utilizing various skills
to complete diverse tasks has been a long-standing goal in Artificial Intelligence. Unfortunately, however, most existing robotic
systems have been constrained—having been trained on specific datasets, for specific tasks, and within specific environments.
These systems usually require extensively-labeled data, rely on task-specific models, have numerous generalization issues when
deployed in real-world scenarios, and struggle to remain robust to distribution shifts. Motivated by the impressive open-set
performance and content generation capabilities of web-scale, large-capacity pre-trained models (i.e., foundation models) in
research fields such as Natural Language Processing (NLP) and Computer Vision (CV), we devote this survey to exploring (i)
how these existing foundation models from NLP and CV can be applied to the field of robotics, and also exploring (ii) what
a robotics-specific foundation model (henceforth, robotics foundation model) would look like. We begin by providing an
overview of what constitutes a conventional robotic system and the fundamental barriers to making it universally applicable.
Next, we establish a taxonomy to discuss current work exploring ways to leverage existing foundation models for robotics and
develop new ones catered to robotics. Finally, we discuss key challenges and promising future directions in using foundation
models for enabling universally-applicable robotic systems. We encourage readers to view our “living” GitHub repository2

of resources, including papers reviewed in this survey as well as related projects and repositories for developing foundation
models for robotics : https://github.com/JeffreyYH/foundation-models-robotics-survey.

∗Indicates equal contribution.
1Images are from the screenshots of the papers we survey, icon images from Microsoft PPT and macOS Keynote, Google images, and image generated from
OpenAI ChatGPT (GPT 4)

2The current version of this paper is v1.1-2023.12 (In the format of ‘[major].[minor]-YYYY.MM’)
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1 Overview

1.1 Introduction
We still face many challenges in developing autonomous robotic systems that can operate in and adapt to different environments.
Previous robotic perception systems that leverage conventional deep learning methods usually require a large amount of labelled
data to train the supervised learning models [1–3]; meanwhile, the crowdsourced labelling processes for building these large
datasets remains rather expensive. Moreover, due to the limited generalization ability of classical supervised learning
approaches, the trained models usually require carefully-designed domain adaptation techniques to deploy these models to
specific scenes or tasks [4, 5], which often require further steps of data-collection and labelling. Similarly, classical robot
planning and control methods often require carefully modelling the world, the ego-agent’s dynamics, and/or other agents’
behavior [6–8]. These models are built for each individual environment or task and often need to be rebuilt as changes occur,
exposing their limited transferability [8]; in fact, in many cases, building an effective model can be either too expensive or
intractable. Although deep (reinforcement) learning-based motion planning [9, 10] and control methods [11–14] could help
mitigate these problems, they also still suffer from distribution shifts and reductions in generalizability [15, 16].

Concurrent to the challenges faced in building generalizable robotic systems, we notice significant advances in the fields of
Natural Language Processing (NLP) and Computer Vision (CV)—with the introduction of Large Language Models (LLMs) [17]
for NLP, the introduction of high-fidelity image generation with diffusion models [18, 19], and zero-shot/few-shot generalization
of CV tasks with large-capacity vision models and Vision Language Models (VLMs) [20–22]. Coined “foundation models”
[23], or simply Large Pre-Trained Models (LPTMS), these large-capacity vision and language models have also been applied
in the field of robotics [24–26], with the potential for endowing robotic systems with open-world perception, task planning,
and even motion control capabilities. Beyond just applying existing vision and/or language foundation models in robotics, we
also see considerable potential for the development of more robotics-specific models, e.g., the action model for manipulation
[27, 28] or motion planning model for navigation [29]. These robotics foundation models show great generalization ability
across different tasks and even embodiments. Vision/language foundation models have also been applied directly to robotic
tasks [30, 31], showing the possibility of fusing different robotic modules into a single unified model.

Although we see promising applications of vision and language foundation models to robotic tasks, and the development of
novel robotics foundation models, many challenges in robotics out of reach. From a practical deployment perspective, models
are often not reproducible, lack multi-embodiment generalization, or fail to accurately capture what is feasible (or admissible)
in the environment. Furthermore, most publications leverage transformer-based architectures and focus on semantic perception
of objects and scenes, task-level planning, or control [28]; other components of a robotic system, which could benefit from
cross-domain generalization capabilities, are under-explored—e.g., foundation models for world dynamics or foundation
models that can perform symbolic reasoning. Finally, we would like to highlight the need for more large-scale real-world data
as well as high-fidelity simulators that feature diverse robotics tasks.

In this paper, we investigate where foundation models are leveraged within robotics, am aim to understand how foundation
models could help mitigate core robotics challenges. We use the term “foundation models for robotics” to include two
distinct aspects: (1) the application of existing (mainly) vision and language models to robotics, largely through zero-shot
and in-context learning; and (2) developing and leveraging robotics foundation models specially for robotic tasks by using
robot-generated data. We summarize the methodologies of foundation models for robotics papers and conduct a meta-analysis
of the experimental results of the papers we surveyed. A summary of the major components of this paper in Figure 1.

The overall structure of this paper is formulated as in Figure 2. In Section 2, we provide a brief introduction to robotics research
before the foundation model era and discuss the basics of foundation models. In Section 3, we enumerate challenges in robotic
research and discuss how foundation models might mitigate these challenges. In Section 4, we summarize the current research
status quo of foundation models in robotics. Finally, in Section 6 we offer potential research directions which are likely to have
a high impact on this research intersection.
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Figure 2: Overall structure of this survey paper. The left side shows the time dimension governing the emergence of foundation models, and
the right side shows the logical induction, with respect to applying and developing foundation models for robotics. Sections 2 and 3 answer
the “what” questions: what is robotics, what are the challenges in robotic problems, and what are foundation models. Section 4 answers the
“why” and “how” questions: why do we need foundation models in robotics, how can foundation models be applied in robotics, and how do
foundation models specially designed for robotics work. Section 6 closes with existing work, and posits what future models might look like.

1.2 Related Survey Papers
Recently, with the popularity of foundation models, there are various survey papers on vision and language foundation models
that are worth mentioning [32–35]. These survey papers cover foundation models, including Vision Foundation Models
(VFMs) [36, 37], Large Language Models (LLMs) [34], Vision-Language Models (VLMs) [38, 39], and Visual Content
Generation Models (VGMs) [32]. Since foundation models for robotics are still relatively nascent areas, there are not so many
existing survey papers combining foundation models and robotics, perhaps the most relevant survey papers are [35, 40–43],
however, there are still significant differences between those papers and ours, for instance: Yang et al. [35] and Wang et al.
[40] focus on broadly-defined autonomous agents, instead of physical robots; Lin et al. [41] focus on LLMs for navigation; the
connection between foundation models and robotics is limited in [42]. Compared with [43], we propose more breakdown of
current research methodologies, provide detailed analysis of the experiments, and also focus on how foundation models could
resolve the typical robotic challenges.

In this paper, we provide a survey that includes existing unimodal and multimodal foundation models applied in robotics, as
well as all forms of robotics foundation models in various robotics tasks as we know of. We also narrowed the scope of papers
being surveyed to only those with experiments on real physical robotics, in high-fidelity simulation environments, or using real
robotics datasets. We believe that, by doing so, it could help us understand the power of foundation models in the real world
robotic applications.
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2 Preliminaries
In this section, we walk through the preliminaries to help readers better understand the contents of this paper. Since we focus
on foundation models centered around robotics, we will first introduce the basics of robotics and the current state of the art.
These preliminaries will focus on the methods before foundation models were applied in robotics. For the ease of organization,
we introduce robotic modules based on their functionalities, hence perception 2.1.1, planning 2.1.2 and control 2.1.3. Note
that although we introduce these modules separately, these modules are often synergetically connected and form end-to-end
differentiability to allow gradients flowing across different modules, especially in learning-based approaches. And sometimes
the boundaries between these modules are blurred [44]. Second, we provide an introduction to foundation models—mainly
situated in the fields of NLP and CV, including: LLMs, VLMs, vision foundation models, as well as text-conditioned image
generation models.

2.1 Ingredients of a Robotic System
2.1.1 Robot Perception

Robots require perceptual mechanisms, in order to extract semantic knowledge from raw sensor observations, establish state
representations, and enact reasoning in their operating environments. Different from typical computer vision systems, robotic
perception emphasizes real-time capability, the use of multiple modalities (RGB, depth, LiDAR, IMU, tactile, etc.), the
coupling with other robotic system modules (decision making, planning, control), and grounding with the embodiment and
the environment [45, 46].

Passive Perception The most common use-case for typical computer vision algorithms in a robot perception system is for
scene understanding. Here, the goal is to extract insights about the semantic and geometric properties of an environment by
processing visual signals (e.g., 2D image data, RADAR information, LiDAR/RGB-D point clouds), perhaps to perform specific
tasks like object detection & tracking, semantic segmentation, pose-estimation, novel view synthesis, or scene reconstruction
[47–51]. However, the problem with the dominant learning-based approaches is that they primarily rely on large amounts of
labeled data for training, where it is particularly challenging to obtain large-scale labels. Furthermore, these approaches tend to
break down in out-of-distribution scenarios, rendering them too brittle for extensive deployment. As discussed in Section 2.2.1,
this problem has been largely alleviated with the impressive open-set capabilities of visual foundation models [22, 52].

State Estimation State estimation is the challenging problem of estimating the poses or velocities of robots based on sensor
measurements. The task of Simultaneous Localization and Mapping (SLAM) seamlessly integrates the pose estimation and
mapping problems together. State estimation and SLAM can be addressed using various sensor modalities, as evidenced by the
collection of vision-based approaches [53–58], LiDAR-based techniques [59–61], methods leveraging Inertial Measurement
Units (IMU) [62, 63], and sensor fusion methods involving multiple sensors [64–68]. While traditional approaches typically
rely on rigorous geometry-based solutions, more recently there has been a growing interest in learning-based approaches,
which leverage supervised [69, 70] and self-supervised [71–74] methods. These learning-based methods have demonstrated
their ability to provide accurate pose-tracking results and, in some cases, achieve dense reconstruction even without the use of
depth sensors.

Active Perception The previously introduced approaches give a robot the ability to perceive the environment only in a passive
manner, where information gain or decision-making does not play a role in how the perception system evolves, temporally.
Since robots move and often interact with the environment, the robot should also be able to perceive the environment in an active
manner. Prior approaches to the active perception problem have looked to the lens of interacting with the environment [75] or
by changing the viewing direction to obtain more visual information [76–78].

2.1.2 Robot Decision-making and Planning

Classical Planning Planning for robotics is a process of organizing a set of actions that a robot should execute, given a model
of itself and the world, to reach desired states and minimize cumulative costs when executing those actions. Motion planning
aims to find a collision-free path to reach desired states. Search-based planning [79–83] computes robots’ trajectories based on
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discrete representations of problems, taking advantage of heuristics and graphs. Another major area, sampling-based planning
[84–89], seeks to randomly sample points in configuration spaces, find paths to desired states by connecting nearby points or
incrementally generating next states, and is well-suited for high-dimensional planning and continuous spaces.

Task planning [90] deals with discrete domains with tractable and compact representations for large state-spaces, usually
exploiting structural properties of the domains and object-level abstractions. The approaches for compact representations
include factoring the state representations into a set of smaller state variables, use of a set of preconditions that specify the
states in which robots can execute actions, and object-oriented abstraction for symbolic reasoning [91].

Learning-based planning There exist newer works in planning that use reinforcement learning [92, 93] and formulate
motion-planning as an end-to-end problem [9, 10]. In navigation, ReViND [94] and FastRLAP [93] use offline reinforcement
learning to learn the planning policy for visual navigation. By optimizing a value function from a static dataset, robots could
learn driving behaviors in a short period of time [93]. In addition, the advantage of utilizing reward re-labeling allows the robot
to earn different navigation behavior according to the reward specified by the user [94]. Learning for task planning includes
recent works on integrating reinforcement learning with task planning [95, 96] to improve adaptability in dynamic environments
and generate plans, and works on learning symbolic abstract model and representations for task planning [97, 98].

2.1.3 Robot Action Generation

Classical Control Low-level action control, achieved via direct actuation or motor control, is the last step in most robotics
stacks. This part of the stack is usually dependent on the exact platform and often incorporates dynamics and actuator
constraints, thereby ensuring the feasibility of the generated action by keeping the robot within its operational envelope. While
the control input is usually in continuous space, motion primitives are often used to provide a discrete set of actions for ease
of interfacing with higher-level decision loops. Arguably, PID control loops are the most widely used lower-level control
structures for robotic systems. When a cost function is available, optimization-based methods, a.k.a. optimal control, such as
Model Predictive Control (MPC) and its variants [99–102] are often used to generate action sequences in a receding-horizon
setup. The Model Predictive Path Integral (MPPI) controller [103], a variant of MPC, is widely used in its sampling formulation
on learned cost maps.

Learning-based Control Applying imitation learning [104] or reinforcement learning [105] in robotic control has been
studied for decades. With the success of deep learning [106] and deep reinforcement learning [107, 108], we see this line of
research getting a good number of success stories in recent years [12, 13, 109–112].

Imitation learning aims to learn a control policy by imitating demonstrations from some expert, which could be implicit in a
dataset of trajectories. It can be in the form of supervised learning which directly learns actions from expert demonstrations
[113], inverse reinforcement learning [114, 115] which learns reward functions, and adversarial imitation learning which
learns the policy with generative adversarial networks [116, 117]. Imitation learning is widely used in various robot control
applications, including: urban driving [100], high-speed car racing [118], autonomous drone acrobatics [109], learning
locomotion skills by imitating animals [11], and quadrupedal agile skills via adversarial imitation learning [119].

Reinforcement learning (RL) [120] is typically leveraged in the context of a Markov Decision Process, in order to learn and
optimize a control policy via accumulated rewards. Different from optimal control-based methods, RL methods may not
require dynamics models. Many existing works in RL for robotics follow a model-free learning paradigm, wherein a policy
learns to directly map sensor observations (e.g., images [12, 110, 121], proprioception [13, 112, 122], or both [123]) to
generate actions. Model-free approaches usually have the drawback of being sample-inefficient. Model-based RL methods
[124] provide a viable solution by learning a world dynamics model and then planning or learning the control policy. These
world dynamics model can be in the form of visual observations [125, 126] or dynamics models based on proprioception
[14]. However, aforementioned online RL methods in real-world may give rise to safely concerns [94]. Offline reinforcement
learning approaches [94, 127, 128] attempt to remedy this problem, since the learning is based only on offline datasets. We
have already seen a few works which apply offline RL in robotics, such as in visual navigation [92], high-speed ground vehicle
driving [93], and manipulation [129, 130].
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2.2 Introduction to Foundation Models
From the definition in [23], a foundation model is any model that is trained on broad data (generally using self-supervision at
scale) that can be transferred or adapted (e.g., fine-tuned) to a wide range of downstream tasks. Existing successful foundation
models are mainly from CV and NLP areas, e.g. (ranked from single modalities to multiple modalities): Vision Foundation
Models (VFMs; Section 2.2.1), Large Language Models (LLMs; Section 2.2.3), Vision-Language Models (VLMs; Section
2.2.4), and Large Multimodal Models (LMMs; Section 2.2.5). Recently, we also see the rise of foundation models that are
specifically designed for robotics tasks and trained on robotics data (“robotics foundation models”): this particular topic will
be introduced, later, in Section 4.2.

2.2.1 Vision Foundation Models (VFMs)

Alongside the advent of LLMs and VLMs, several Vision-based Foundation Models (VFMs) have been proposed [20–22, 131].
Owing to their impressive domain-invariance and semantic properties at the pixel- and object-level [132–136], these vision
foundation models have been widely adopted for downstream passive perception tasks. Furthermore, these major advances
have been enabled either through self-supervision [132] and/or large-scale data curation [21, 22].

The family of self-supervised VFMs can be broadly organized into the following three subclasses: (1) Joint-Embedding
Predictive Architectures (JEPA; [137]), (2) Contrastive Learning-based methods [52, 138], (3) and Masked Autoencoder (MAE;
[131]) JEPAs employ a Bootstrap Your Own Latent (BYOL; [139]) style of self-supervision technique, where the primary
supervisory signal is to predict similar embeddings across different augmentations of an image. Amongst the JEPA methods,
the most notable ones are DINO [20], DINOv2 [22], I-JEPA [140] and MC-JEPA [141]. Recent explorations have shown
that these joint-embedding-based approaches capture longer-range global patterns and shape-oriented features [132, 133]. On
the other hand, contrastive learning-based methods leverage the weak supervision from multimodal data to learn a common
latent space across different modalities. Notable methods include CLIP [52], which uses large-scale image-caption pairs. In
addition to these two classes, MAEs [131] make up another class of models, trained to reconstruct masked inputs as a pretext
task. Explorations have shown that these models capture local token-level semantic context, leading to their wide popularity
for dense prediction problems such as semantic segmentation [132, 133].

Two notable VFMs that have been enabled by the careful curation of large datasets are the Segment Anything Model
(SAM [21]) and DINOv2 [22]. SAM leveraged an iterative model prediction-based curation process to obtain 1 billion semantic
segmentation masks for supervised learning. It has been showcased that the SAM models, trained on this large-scale curated
data, show impressive instance segmentation performance across a wide range of domains. Similarly, DINOv2 [22] is a self-
supervised model trained using model prediction-based curated data comprising 142 million images. It has been showcased
that this large-scale self-supervision on curated data enables DINOv2 to perform better than task-specifically trained models
and contrastive zero-shot models such as CLIP, while showcasing impressive semantic consistency.

2.2.2 Visual Content Generation Models (VGMs)

Text-conditioned image generation models have achieved great attention recently due to their astonishing ability to generate
novel, high-fidelity images directly from language prompts, thanks to the progress in diffusion models [142]. GLIDE [143]
is a text-conditioned diffusion model with both CLIP guidance and classifier-free guidance. DALLE-2 [18] proposes a
two-stage diffusion model that consists of a prior that generates a CLIP image embedding given a text caption and a decoder
that generates an image conditioned on the encoded image embedding. IMAGEN [19] is another text-conditioned diffusion
model with classifier-free guidance. Different from previous approaches, it proposes dynamic thresholding to generate more
photorealistic images and a U-Net structure to make the training more efficient. We name this type of foundation model as
Visual Content Generation Models (VGMs) in this paper for convenience.

2.2.3 Large Language Models (LLMs)

A Large Language Model (LLM) is a type of language model notable for its ability to handle a variety of language tasks with
minimal task-specific training data, setting it apart from conventional AI models [144]. The term large refers to both the model
size and dataset size. Moreover, language signifies that the models are trained on an internet scale with a single modality,
which is text. The key development in LLMs was the introduction of the transformer architecture, which allows for the efficient
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training of large-scale data due to the highly parallel nature of transformers, making the processing of extended text sequences
more efficient. Two lines of work build upon the transformer architecture: the Generative Pre-trained Transformer (GPT) series
[17, 145] and the Bidirectional Encoder Representations from Transformers (BERT) family [146]. GPT is trained as a decoder,
with the task of predicting the next word in a sequence, whereas BERT is trained as an encoder, focusing on understanding the
contextual relationships between sentences. However, according to Yang et al. [147], the BERT family has not seen significant
advancements since 2021, with all current state-of-the-art LLMs building upon the GPT structure. Another technique that has
contributed to the achievements of models like the GPT-3.5 model (ChatGPT) is the paradigm of Reinforcement Learning
from Human Feedback (RLHF) [148]. This technique aligns the transformer’s output with human preferences learned through
inverse reinforcement learning, enabling the model to produce more human-like and fluent sentences.

However, the limitations of LLMs are still significant, particularly in their tendency to hallucinate to produce plausible outputs.
In addition, due to the limitations of being trained only on a single text modality, LLMs lack references to real-world objects
and, therefore, cannot accurately answer questions such as, “Can I put this watermelon into the blender?”. This problem of
lacking spatial grounding is especially important for the application of LLMs to Robotics. As a result, more recent research
has started to integrate additional sources of information, such as vision, into transformer architectures.

2.2.4 Vision-Language Models (VLMs)

Vision-language models (VLMs) represent another significant advancement in generative models. These models excel in
tasks that require understanding both visual content and language, such as open-set image classification [52], object detection
[149], and segmentation [150], Visual Question Answering (VQA) [151], etc. These models leverage large-scale datasets
and sophisticated neural network architectures, typically variants of transformers, to learn correlations between images and
their textual descriptions or queries. This approach enables them to perform a range of tasks without task-specific training,
showcasing impressive generalization abilities. They can be broadly categorized into two main groups based on their pre-
training methods: contrastive learning models and generative pre-training models.

Contrastive learning based models, like CLIP [52] and ALIGN [152], are trained to understand the correspondence between
images and texts by bringing the representations of matching image-text pairs closer in the embedding space while pushing
non-matching pairs apart. CLIP, for instance, excels in a wide range of visual classification tasks with its ability to understand
nuanced textual descriptions and their corresponding images. ALIGN, similarly, focuses on aligning large-scale image-
text pairs, significantly improving performance on tasks like image captioning and visual question answering. Generative
pre-training models, like ViLBERT [151] and VL-BEiT [153] take similar training approach as in LLMs 2.2.3.

Combing the strength of the both methods, Flamingo [154] incorporates a large frozen language model, retaining the
in-context few-shot learning ability that is inherent to the pre-trained language model. Conversely, GIT [155] employs a large
contrastively pre-trained image encoder, accompanied by a relatively small text decoder. Both Flamingo and GIT commence
by pre-training an image encoder through contrastive learning, then subsequently undertaking generative pre-training.

More recently, BLIP [156] and BLIP-2 [157] have emerged as a transformative model in VLMs, introducing a curriculum
learning strategy that bootstraps from simpler to more complex tasks, significantly enhancing performance in tasks like image
captioning and visual question answering. The latest GPT iteration, GPT-4 [158], introduces the capability to process both
textual and visual inputs. However, as of the last update, the technical details and the extent of these new multimodal capabilities
are not released yet. Collectively, these models exemplify the rapid advancements in VLMs, each contributing to the robustness
and adaptability of multimodal systems in understanding and in generating human-like responses based on visual data.

2.2.5 Large Multimodal Models (LMMs)

The combination of vision and language modalities reveal the huge potential of self-supervised learning. So it is natural to
extend beyond vision and language to develop new types of foundation models with even more modalities. These models
are coined Large Multimodal Models (LMMs). The additional modalities are rich and diverse, as in models that combine
image, text, depth, thermal, and audio, e.g., ImageBind [138]; models combining text, image, video and audio, e.g.,
NExT-GPT [159] and Audio-GPT [160]; models combining language text and audio, e.g., SpeechGPT [161]; and models
combining point cloud with vision and language, e.g., ULIP [162]. These LMMs use distinct training methods, such as
contrastive pre-training [138] or fine-tuning LLM by learning input/output projections [159]. The contrastive learning
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methods shown in these LMMs are fairly similar to LLMs, in the sense that embeddings of different modalities are aligned with
each other. These multimodal contrastive learning-based methods enable cross-modal retrieval and bring in more interesting
applications such as audio to image generation, etc.

3 Challenges in Robotics
In this section, we summarize five core challenges that various modules in a typical robotic system face, each detailed in the
following subsections. Whereas similar challenges have been discussed in prior literature (Section 1.2), this section mainly
focuses on the challenges that may potentially be solved by appropriately leveraging foundation models, given the evidence
from current research results. We also depict the taxonomy in the section for easier review in Figure 3.

Challenges in Robotics (3)

Generalization (3.1)

perception morphology

Data Scarcity (3.2)

simulation real-world

Requirements of Models (3.3)

model-based model-free

Task Specification (3.4)

goal
image

reward
generation

language
prompt

Uncertainty and Safety (3.5)

epistemic aleatoric
provable

safety

Figure 3: Taxonomy of the challenges in robotics that could be resolved by foundation models. We list five major challenges in the second
level and some, but not all, of the keywords for each of these challenges.

3.1 Generalization
Robotics systems often struggle with accurate perception and understanding of their environment. Limitations in computer
vision, object recognition, and semantic understanding made it difficult for robots to effectively interact with their surroundings.
Traditional robotics systems often relied on analytic hand-crafted algorithms, making it challenging to adapt to new or unseen
situations. They also lacked the ability to generalize their training from one task to another, further limiting their usefulness
in real-world applications. This generalization ability is also reflected in terms of the generalization of planning and control
in different tasks, environments, and robot morphologies. For example, specific hyperparameters for, e.g., classical motion
planners and controllers need to be tuned for specific environments [101, 102, 163]; RL-based controllers are difficult to transfer
across different tasks and environments [46, 164]. In addition, due to differences in robotic hardware, it is also challenging to
transfer models across different robot morphologies [165, 166]. By applying foundation models in robotics, the generalization
problem is partially resolved, which will be discussed in the next Section 4. Further challenges, such as generalization across
different robotic morphologies, remain demanding.

3.2 Data Scarcity
Data has always been the cornerstone of learning-based robotics methods. The need for large-scale, high-quality data is
essential to develop reliable robotic models. Several endeavors have been attempted to collect large-scale datasets in the
real world, including autonomous driving [1, 2, 167], robot manipulation trajectories [110, 111, 168], etc. Collecting robot
data from human demonstration is expensive [27]. The diverse range of tasks and environments where robots are used even
complicates the process of collecting adequate and extensive data in the real world. Moreover, gathering data in real-world
settings can be problematic due to safety concerns [163]. To overcome these challenges, many works [169–174] attempt
generating synthetic data in simulated environments. These simulations offer realistic virtual worlds where robots can learn
and apply their skills to real-life scenarios. Simulations also allow for domain randomization, as well as the potential to
update the parameters of the simulator to better match the real world physics [163], helping robots to develop versatile
policies. However, these simulated environments still have their limits, particularly in the diversity of objects, making it
difficult to apply the learned skills directly to real-world situations. Collecting real-world robotic data with a scale comparable
to the internet-scale image/text data used to train foundation models is especially challenging. One promising approach is
collaborative data collection across different laboratories and robot types [175], as shown in Figure 4a. However, an in-depth
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analysis of the Open-X Embodiment Dataset reveals certain limitations regarding data type availability. Primarily, the robot
morphology utilized for data collection is restrictive; out of the top 35 datasets, 30 are dedicated to single-arm manipulation
tasks. Only one dataset pertains to quadruped locomotion, and a single dataset addresses bi-manual tasks. Secondly, the
predominant scene type for these manipulation tasks is tabletop setups, often employing toy kitchen objects. Such objects
come with inherent assumptions including rigidity and negligible weight, which may not accurately represent a wider range
of real-world scenarios. Thirdly, our examination of data collection methods indicates a predominance of human expert
involvement, predominantly through virtual reality (VR) or haptic devices. This reliance on human expertise highlights the
challenges in acquiring high-quality data and suggests that significant human supervision is required. For instance, the RT-1
Robot Action dataset necessitated a collection period of 17 months, underscoring the extensive effort and time commitment
needed for data accumulation with human involvement.

(a) Joint Effort in Real-World Data Collection

(b) Dataset Morphology Distribution

(c) Scene Type Classification (d) Data Collection Methods

Figure 4: Comprehensive visualizations of the Open-X Embodiment Dataset encompassing data collection methods, robot morphologies,
and scene types.

3.3 Requirements of Models and Primitives
Classical planning and control methods usually require carefully engineered models of the environment and the robot. Optimal
control methods require good dynamics models (i.e., world transition models) [8, 176]; motion planning requires a map of
the environment [177], the states of the objects robots interact with [178], or a set of pre-defined motion primitives [179];
task planning requires pre-computed object classes and pre-defined rules [91], etc. Previous learning-based methods (e.g.,
imitation and reinforcement learning) train policies in an end-to-end manner that directly gets control outputs from sensory
inputs [111], avoiding building and using models. These methods partially solve this problem of relying on explicit models,
but they often struggle to generalize across different environments and tasks. This raises two problems: (1) How can we
learn model-agnostic policies that can generalize well? Or, alternatively, (2) How can we learn good world models so that we
can apply classical model-based approaches? We see some recent works that aim to resolve these problems using foundation
models (especially in a model-free manner), which will be systematically discussed in Section 4. However, the call for world
models for robotics remains an intriguing frontier, which will be discussed in Section 6.
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3.4 Task Specifications
Understanding the task specification and grounding it in the robot’s current understanding of the world is a critical challenge to
obtaining generalist agents. Often, these task specifications are provided by users with limited understanding of the limitations
on the robot’s cognitive and physical capabilities. This not only raises questions about what the best practices are for
providing these task specifications, but also about the naturalness and ease of crafting these specifications. Understanding and
resolving ambiguity in task specifications, conditioned on the robot’s understanding of its own capabilities, is also challenging.
Foundation models, again, are a promising solution for this challenge: task specification can be formulated as language prompts
[24, 27, 28], goal images [180], rewards for policy learning [26, 181], etc.

3.5 Uncertainty and Safety
One of the critical challenges in deploying robots in the real world comes from dealing with the uncertainty inherent in the
environments and task specifications. Uncertainty, based on its source, can be characterized either as epistemic (uncertainty
caused by a lack of knowledge) or aleatoric (noise inherent in the environment). Epistemic uncertainty often manifests as
out-of-distribution errors when the robot encounters unfamiliar situations in test distribution. While the adoption of learning-
based techniques for decision-making in high-risk safety-critical fields has prompted efforts in uncertainty quantification (UQ)
and mitigation [182], out-of-distribution detection, explainability, interpretability, and vulnerability to adversarial attacks
remain open challenges. Uncertainty quantification can be prohibitively expensive and may lead to sub-optimal downstream
task performance [183]. Given the large-scale over-parameterized nature of foundation models, providing UQ methods that
preserve the training recipes with minimal changes to the underlying architecture are critical in achieving the scalability
without sacrificing the generalizability of these models. Designing robots that can provide reliable confidence estimates on
their actions and in turn intelligently ask for clarification feedback remains an unsolved challenge [184]. Conformal predictions
[185] provide a distribution-free way of generating statistically rigorous uncertainty sets for any black-box model and have
been demonstrated in VLN tasks for robotics [186]. Recent advances in Chain-of-Thought prompting [187], open vocabulary
learning [188], and hallucination recognition in LLMs [189] may open up newer avenues to address these challenges.

In its traditional setting, provable safety in robotics [190, 191] refers to a set of control techniques that provide theoretical
guarantees on safety bounds for robots. Control Barrier Functions [192], reachability analysis [121, 193] and runtime
monitoring via logic specifications [194] are well-known techniques in ensuring robot safety with bounded disturbances.
Recent works have explored the use of these techniques to ensure safety of the robot [195]. While these contributions have led
to improved safety, solutions often result in sub-optimal behaviour and impede robot learning in the wild [196]. Thus, despite
recent advances, endowing robots with the ability to learn from experience to fine-tune their policies while remaining safe in
novel environments still remains an open problem.

4 Review of Current Research Methodologies
In this section, we summarize the current research methodologies of foundation models for Robotics. In Section 4.1, we
mainly discuss how foundation models are used in robotics in two categories: Foundation Models Used in Robotics and
Robotics Foundation Models. For Foundation Models Used in Robotics, we mainly highlight applications of vision and
language foundation models used in a zero-shot manner, meaning no additional fine-tuning or training is conducted. In
Section 4.2, however, we mainly focus on Robotics Foundation Models, wherein these approaches may warm-start models with
vision-language pre-trained initialization and/or directly train the models on robotics datasets. Figure 5 shows the detailed
taxonomy of this section.

As introduced in the Section 2 (Preliminaries), a typical robotic system consists of perception, planning, and control modules.
In this section, we review the methods presented in these papers following this classification method. Here, we combine
motion planning and control into one piece—action generation and treat motion planning modules as higher-level and control
as lower-level action generation. It is important to notice that although most of the works use foundation models in different
functionality modules of the robotic systems, we will classify these papers into categories based on the module to which
the paper contributes the most. There are, however, certain applications of the vision and language foundation models that
go across these robotics modules, e.g., grounding of these models in robotics, and generating data from LLMs and VLMs.
Given the autoregressive nature of current LLMs, they often grapple with extended horizon tasks. Thus, we also delve into
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advanced prompting methods proposed in the literature to ameliorate this limitation and enhance planning power. We list these
applications in sections 4.1.4, 4.1.5 and 4.1.6, as a different perspective to analyze these works.

We find that works in 4.1 typically follows a modular approach which applies vision and language foundation models in one
of the functionality modules, e.g. apply VLM as open-set perception and connect this perception module with additional
motion planners and controllers [25]. Since these foundation models are applied in a zero-shot manner, there’s no gradient
flowing between the module that foundation models applied in and other modules. Whereas, works in 4.2 mostly take an
end-to-end approach that blurs the boundary of modules that are connected in methods described in 4.1, e.g. perception and
control [27, 197]. Some robotic foundation models even train a unified model to perform different functions [30, 31].

Foundation Models for Robotics (4)

Robotic Foundation Models (4.2)

General-purpose (4.2.2)

Single-purpose

Action Generation Models
(4.2.1)

Vision and Language
Pre-training

Reinforcement Learning
at Scale

(Languange-Conditioned)
Imitation Learning

Motion Planning Models
(4.2.1)

(Vision Languange)
Foundation Models

used in Robotics (4.1)

Prompting (4.1.6)

Data Generation (4.1.5)

Grounding (4.1.4)

Robotic Modules

LLM and VLM in
Action Generation (4.1.3)

LLM and VLM
in Task Planning (4.1.2)

VFM and VLM
in Perception (4.1.1)

Figure 5: Conceptual Framework of Foundation Models in Robotics: The figure illustrates a structured taxonomy of foundational models,
categorized into two primary segments: the application of existing foundation models (vision and language models) to robotics, and the
development of robotic-specific foundation models. This includes distinctions between vision and language models used as perception tools,
in planning, and in action, as well as the differentiation between single-purpose and general-purpose robot foundation models.

4.1 Foundation Models used in Robotics
In this section, we focus on zero-shot application of vision and language foundation models in robotics. This mainly includes
zero-shot deployment of VLMs used in robotic perception, in context learning of LLMs for task-level and motion-level
planning, as well as action-generation. We show a few representative works in Figure 6.

4.1.1 VFMs and VLMs in Robot Perception

Recently, the grounding of vision and language foundation models with geometric and object-centric representations of the
world has enabled tremendous progress in context understanding, which is a vital requirement for robots to interact with the real
world. We will thoroughly examine the application of VFMs and VLMs in robotic perception from various perspectives.

VFMs, VLMs for Object and Scene Representations The most straightforward application of VLMs in robotics is to
leverage their ability to perform open-set object recognition and scene understanding in robotics-oriented downstream tasks,
including semantic mapping and navigation [25, 203–206], manipulation [198–200, 207], etc. The methods proposed by these
works share a common attribute: they attempt to extract semantic information (from the VLM) and spatial information (from
other modules or sensor modalities) from objects and scenes that the robots interact with. This information is then used as
representations in semantic maps of scenes or representations of objects.
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(a) Object recognition: CLIP-Port [198] (b) Object recognition & localization: NLMap [25] (c) Feature distillation in NeRF: F3RM [199]

VLM used for: Object and Scene Representation

(d) Representation in policy learning (also applied
feature distillation in Ge-NeRF): GNFactor [200] (e) State estimation: FM-Loc [201] (f) Interactive perception: MOSAIC [202]

VFM and VLM used for: Policy learning, State estimation and Interactive perception

Figure 6: Using VLMs and VFMs for robotic perception, in various applications. Due to the limit of space and for the consistency of the
figures, we only list part of the works we discussed in this figure.

For semantic mapping and/or navigation, NLMap [25] is an open-set and queryable scene representation to ground task plans
from LLMs in surrounding scenes. The robot first explores the environment using frontier-based exploration to simultaneously
build a map and extract class-agnostic regions of interest, which are then encoded by VLMs and aggregated to the map.
Natural language instructions are then parsed by an LLM to search for the availability and locations of these objects in the
scene representation map. ConceptFusion [205] builds open-set multimodal 3D maps from RGB-D inputs and features
from foundation models, allowing queries from different modalities such as image, audio, text, and clicking interactions. It
is shown that ConceptFusion can be applied for real-world robotics tasks, such as tabletop manipulation of novel objects
and semantic navigation of autonomous vehicles. Similarly, CLIP-Fields [204] encodes RGB-D images of the scene
to language-queryable latent representations as elements in a memory structure, that the robot policy can flexibly retrieve.
VLMap [203] uses LSeg [150] to extract per-pixel representations to then fuse with depth information, in order to create a
3D map. This semantic 3D map is then down-projected to get a 2D map with the per-pixel embedding; these embeddings
can then be matched with the language embedding from LSeg to obtain the per-pixel semantic mask for the 2D map. As
for applying VLMs in topological graphs for visual navigation, LM-Nav [206] is a good example: it uses an LLM to extract
landmarks used in navigation from natural language instructions. These landmark descriptions, as well as image observations,
are then grounded in a pre-built graph via a VLM. Then, a planning module is used to navigate the robot to the specified
landmarks.

Most of the previous works discussed above utilize only 2D representation of the objects and environment. To enrich the
representation of foundation models in 3D space, F3RM [199] and GNFactor [200] distill 2D foundation model features into
3D space, by combining with NeRF and generalizable NeRF. In addition, GNFactor [200] also apply these distilled features
in policy learning. Act3D [208] takes a similar approach but build 3D feature field via sensed depth.

VLMs for State Estimation and Localization Beyond context understanding, a few approaches explore the use of
open-vocabulary properties of VLMs for state estimation [201, 201, 209–211]. Two such approaches, LEXIS [209] and
FM-Loc [201], explore the use of CLIP [52] features to perform indoor localization and mapping. In particular, FM-Loc [201]
leverages the vision-language grounding offered by CLIP and GPT-3 to detect objects and room labels of a query image,
then uses that semantic information to match it with reference images. Similarly, LEXIS [209] builds a real-time topological
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(a) Task plan generation via LLM and
grounding of visual states, SayCan [24]

(b) Task planning via code generation
LLM: Code as policy [218]

(c) VLMs for task planning and heuristic function,
plus a video dynamics model: VLP [219]

Figure 7: Examples of LLMs and VLMs used in task-level planning

SLAM graph where CLIP features are associated with graph nodes, enabling room-level scene recognition. Although these
approaches display the potential of vision-language features for indoor place recognition, they do not explore the broad ap-
plicability of foundation model features. In this context, AnyLoc [210] explored the properties of dense foundation model
features and combined them with unsupervised feature-aggregation techniques to achieve state-of-the-art place recognition, by
large margin—anywhere, anytime, and under any view—showcasing broad applicability of self-supervised foundation model
features for SLAM.

VLMs for Interactive Perception Several works consider the notion of enabling robots to leverage the process of interactive
perception, for extrapolating implicit knowledge about object properties in order to obtain performance improvements on
downstream interactive robot learning tasks [165, 166, 202, 212–217]. This process of interactive perception is often
modeled after the way in which human infants first learn about the physical world—i.e., through interaction, and by learning
representations of object concepts, such as weight and hardness, from the sensory information (haptic, auditory, visual)
that is generated from those physical exploratory actions (e.g., grasping, lifting, dropping, pushing) on objects with diverse
properties. In particular, MOSAIC [202] leverages LMMs to expedite the acquisition of unified multi-sensory object property
representations; the authors show competitive performances of their framework in category recognition and ambiguous
target-object fetch tasks, despite the presence of distractor objects, under zero-shot transfer conditions.

4.1.2 LLMs and VLMs in Task Planning

The planning community in Robotics has always harbored aspirations of a model capable of generalizing across diverse tasks
and environments, with minimal demonstrations for robotic tasks. Given the demonstrated prowess of vision and language
foundation models in intricate reasoning and contextual generalization, it is a natural progression for the robotics community
to consider the application of foundation models to robotic planning problems. This section organizes works based on the
granularity of planning, delineating between task-level and motion-level planning. We will mainly introduce task-level planning
in this part and leave motion-planning to the next part, together with action generation (Section 4.1.3).

Task-level planning is to divide a complicated task into small actionable steps. In this case, we mainly talk about the agent
planning on its own, in contrast to, e.g., using LLMs as a parser like Vision Language Navigation [220]. The agent needs to
take intelligent sub-steps to reach the goal by interacting with the environment. SayCan [24] is a representative example of
task-level planning: it uses LLMs to plan for a high-level task, e.g., “I spilled my drink, can you help?”. Then it gives concrete
task plans like going to the counter, finding a sponge, and so on. Similarly, VLP [219] aims to improve the long-horizon
planning approach with an additional text-to-video dynamics model. These task-level planning methods do not have to worry
about the precise execution of those sub-tasks in the environment, since they have the luxury of utilizing a set of pre-defined /
pre-trained skills, then using LLMs to simply find proper ways to compose skills to achieve desired goals. There are more papers
in this category, for example: LM-ZSP [221] introduce this task-level granularity as actionable steps; Text2Motion [222]
uses similar ideas and augments the success rate of language based manipulation task. Previous methods typically generate
task plans in the form of text. Some works like ProgPrompt [223], Code as Policy [218], GenSim [224], etc. obtain
task plans in the form of code generation using LLMs. Using code as a high-level plan has the benefit of expressing functions
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(a) Reward generation with LLM :
L2R [228]

(b) Locomotion control via action pattern
matching with LLM: SayTap [26]

(c) VLM for affordance function in motion
planning: VoxPoser [229]

Figure 8: LLM used in motion planning and action generation.

or feedback loops that process perception outputs and parameterize control primitive APIs. In addition, it can describe the
spatial position of an object accurately. This improved compositionality saves time in collecting more primitive skills. It also
prescribes precise values (e.g., velocities) to ambiguous descriptions like ’faster’ and ’to the left’, depending on the context.
Therefore, due to these benefits, code appears to be a more efficient and effective task-level planning language than natural
language. Other form of planning techniques such as express the high-level plans in Planning Domain Definition Language
(PDDL)[225] also showed significant improvement on LLMs planning power over long horizon tasks, more on this will be
discussed in the Section 4.1.6.

In addition to use LLMs to direct generate plans, they are also used in searching and evaluating with external memory
structure such as scene graph. SayPlan [226] employs 3D scene graph (3DSG) representations to manage the complexity
of expansive environments. By exploiting hierarchical 3DSGs, LLMs can semantically search for relevant sub-graphs in
multi-floor household environments, reducing the planning horizon and integrating classical path-planning to refine initial
plans, iteratively. Reasoned Explorer [227] employs LLMs as evaluators to score each node in a 2D undirected graph.
It uses this graph as a map to store both visited points and the frontiers’ LLM evaluations. These external memory and
incremental map-building approach breaks the context length limit of using LLMs to generate long plans, which scales LLM-
based navigation agents to large environments. One thing to note is that, although task-level planning is agnostic to physical
embodiment, it does require grounding to a specific robot’s physical form (or “morphology”) and environment when deployed;
grounding techniques will be covered in Section 4.1.4.

4.1.3 LLMs and VLMs in Action Generation

Directly controlling a robot just by prompting off-the-shelf LLMs/VLMs can be challenging, perhaps even unachievable,
without first fine-tuning these models with action data. Unlike high-level robot task planning, where LLMs are used for their
ability to compose and combine different skills for task completion, individual actions, both high-level actions like waypoints,
and low-level actions like joint angles are usually not semantically meaningful or compositional. The community is attempting
to find a suitable interface to circumvent this problem. For motion planning in navigation tasks, ReasonedExplorer [227]
and Not Train Dragon [230] propose such an interface: using LLMs as evaluators for the expanded frontiers, which are
defined as potential waypoints for exploration (typically in a two-dimensional space); here, LLMs are tasked with scoring
frontiers based on the similarity between the given observations and the intended goal. Similarly, VoxPoser [229] apply VLMs
to obtain affordance function (called 3D value map in the original paper) used in motion planning.

Some papers investigate the use of LLMs to directly output lower-level actions. Prompt2Walk [231] uses LLMs to
directly output joint angles through few-shot prompts, collected from the physical environment. It investigates whether
LLMs can function as low-level controllers by learning in-context with environment feedback data (observation-action pairs).
Saytap [26], introduces a novel concept of utilizing foot contact patterns as an action representation. In this model, the
language model outputs a ‘0’ for no contact and a ‘1’ for contact with the floor, thereby enabling Large Language Models
(LLMs) to generate zero-shot actionable commands for quadrupedal locomotion tasks such as jumping and jogging. However,
the generalizability of these approaches to different robot morphologies remains in question, since they have only been tested
on the quadruped platform. Instead, language to reward [232–234] in robotics [181, 228] is a more general approach than
direct action generation through LLMs; these approaches involve using LLMs as generators to synthesize reward functions
for reinforcement learning-based policies and thus are usually not confined by robotic embodiments [181]. The reward
synthesizing approach with LLM can generate rewards which are hard for human to design, e.g., Eureka [181] demonstrates
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that it enables robots to learn dexterous pen-spinning task that were considered very hard using human reward design.

4.1.4 Grounding in Robotics

Alongside the above dimensions, an equally crucial aspect is the concept of “grounding”. Grounding refers to the ability to
associate contextual meaning with signals or symbols, such as the ability to tie a word to its manifestation in the world. Humans
understand semantic concepts through both audio (words, tone) and visual signals (gestures, behaviors, body language). In
the scope of this survey, grounding alludes to the process of aligning the abstract knowledge possessed by foundation models
with the tangible, real-world specifics of robotics—ensuring that language-driven decisions correspond meaningfully with
physical actions and environmental contexts. For instance, if we ask an LLM to generate a plan to find a pen in a specific
house, without any environmental information, then this task is akin to a blind person reasoning about how to navigate in an
unknown space, rendering the task nearly impossible to complete. Similarly, while an LLM may easily generate a plan to
lift a chair by suggesting to ’grab the left handle with the left hand and the right handle with the right hand, then lift’, this
plan becomes impractical if the real-world embodiment of the model is a typical robot equipped with only one arm. Since
grounding is a large field in itself, we do not attempt to cover all of it; instead, we will address four concepts as shown in the
Figure 9: (1) Grounding language to environments; (2) Grounding latent concepts to environments; (3) Grounding language
to embodiments; and (4) Grounding latent concepts to embodiments.

Grounding Language to Environments As discussed in the previous sections, specifically Sections 4.1.2 and 4.1.3, for the
successful integration of LLMs or VLMs directly into robots, it is crucial to establish a connection between the language output
and either skills or low-level actions. SayCan [24] learned a value function to score the joint likelihood between task-level
plans and skills acquired through reinforcement learning or behavior cloning. ZSP [221] utilized semantic similarities between
language instructions and skill names to ground robot skills, while ProgPrompt [223] and Code as Policy ground
robot skills via program code synthesis. However, these skills are trained specifically for the environments in which they were
tested. Therefore, we categorize all methods that associate language with skills as grounding to environments. Some research
efforts, such as Grounded Decoding [235], attempt to address this by grounding foundation models to skills trained
in a single environment, using small language-conditioned models trained in various environments as a probabilistic filter.
Nonetheless, this approach is still limited as it presupposes the availability of grounded models suited for the environment in
which it is embodied. In addition to skill grounding, work like Voxposer [229] have attempted to use LLMs to generate code
for constructing value maps of the environment, which can then be planned on using existing planners. This represents a more
general approach to integrating contextual information about the environment, compared to grounding to skill libraries.

Grounding Concepts to Environments The term ‘concepts’ refers to the unified latent representations, derived from training
with diverse input data. Approaches such as CLIP-Fields [204], VLMap [203], and NLMaps [25] have endeavored to
project CLIP visual representations and semantic label representations directly onto 3D point clouds. Beyond constructing
explicit 3D maps, GLAM [236] proposes using reinforcement learning to ground language models with an internal map through
interaction with environments. This approach demonstrated that LLMs can effectively function as Reinforcement Learning
(RL) agents in textual environments. However, the challenge of generalizing these approaches to different environments and
tasks, either by grounding concepts to point clouds or through implicit mapping, remains unresolved in current literature.

Grounding Language to Embodiments We categorize language grounding to embodiments as necessitating a specific
condition: it must be agnostic to different environments. This is akin to having a universal interface that translates language
into actions. Initiatives like Prompt2Walk [237] and Saytap [26] have experimented with directly using LLMs to generate
joint angles or foot patterns in the language space for locomotion control.

Grounding Concepts to Embodiments Grounding concepts to embodiments involves directly anchoring foundation models
to output joint torques, circumventing intermediary interfaces such as text. A notable example isGato [30], which demonstrates
versatility in tasks like playing Atari, captioning images, conversing, and manipulating objects with a robotic arm. Gato

dynamically decides its output format—be it text, joint torques, button presses, or other tokens—based on the context of the
task at hand. Another related development is RT-2 [28], which, despite specifying the end-effector space in textual form, is
capable of directly generating executable commands for robot manipulator operation. In conclusion, the primary advantage

16



Sensory Inputs Z Language

Environment

Grounding

Concepts Embodiment

Grounding
or

Figure 9: Grounding in robotics. We divide grounding techniques as grounding to environment and grounding to robotic embodiments.

of grounding language to environments and embodiments is the ease of implementing zero-shot learning without the need for
additional training. However, significant drawbacks exist. For concepts not describable by language, such as the nuances of
finger movements, grounding to embodiments may fail. Moreover, reliance on a fixed set of skill libraries limits adaptability
to diverse environments. Consequently, direct grounding from the latent concept space appears to be a more viable solution.
Approaches that utilize interaction data [236] or expert data [28] have both shown promising results in addressing these
challenges.

4.1.5 Data Generation with LLMs and VGMs

Recently, we have witnessed the power of content generation ability of LLMs and VGMs. Utilizing this ability, researchers
have begun attempts to address the data scarcity problem by using foundation models to generate data. Ha et al. [238] propose
a framework, ‘scaling up and distilling down’, which, given natural language instructions, can automatically generate diverse
robot trajectories labeled with success conditions and language. RoboGen by Wang et al. [239] further enhances this approach
by incorporating automatic action trajectory proposals within a physics-realistic simulation environment, Genesis, enabling
the generation of potentially-infinite data. Nevertheless, these approaches still face limitations: the data generated suffers
from low diversity in assets and robot morphologies, issues that could be ameliorated with advanced simulations or hardware.
GenSim [224] by Wang et al. proposes to generate novel long-horizon tasks with LLMs given language instructions, leading to
over 100 simulation tasks for training language-conditioned multitask robotic policy. This framework demonstrates task-level
generalization in both simulation and the real world, and sheds some light on how to distill foundation models to robotic
policies through simulation programs. ROSIE by Yu et al. [240] uses a text-guided image generator to modify the robot’s
visual observation to perform data augmentation when training the control policy. The modification commands are from
the user’s language instruction, then the augmentation regions are localized by the open vocabulary segmentation model.
RT-Trajectory [241] generates trajectories for the policy network to condition on. The trajectory generation also helps
the task specification in the robot learning tasks. Black et al. [242] use a diffusion-based model to generate subgoals for a
goal-conditioned RL policy for manipulation [243].

4.1.6 Enhancing Planning and Control Power through Prompting

The technique of Chain-of-Thought, as introduced by Wei et al. [244], compels the LLM to produce intermediate steps
alongside the final output. This approach leverages a broader context window to list the planning steps explicitly, which
enhances the LLM’s ability to plan. The underlying reason for its effectiveness is the GPT series’ nature as an autoregressive
decoder. Semantic similarities are more pronounced between instructions to steps and steps to goal, than between instructions
to the direct output. Nonetheless, the sequential nature of the Chain-of-Thought implies that a single incorrect step can lead to
exponential divergence from the correct final answer [245].

Alternative methodologies attempt to remedy this by explicitly listing steps within graph [246] or tree structures [247], which
have demonstrated improved performance. Additionally, search-based methods such as Monte Carlo Tree Search (MCTS) [248]
and Rapidly-exploring Random Tree (RRT) [227] have been explored to augment planning capabilities.

Furthermore, translating goal specifications from natural language into external planning languages, such as the Planning
Domain Definition Language (PDDL), has also been shown to increase planning accuracy [249]. Finally, as opposed to an
open-loop prompting style, iterative prompting approaches that incorporate feedback from the environment provide a more
grounded and precise enhancement for long-term planning capability [31, 250].
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(a) Imitation learning: RT-1 [27] (b) Reinforcement learning: Q-Transformer [197] (c) Vision language pretraining: MOO [251]

Robotic Foundation Models for: manipulation

(d) Motion planning model: VINT [29] (e) General purpose model: Gato [30] (f) General purpose model: PALM-E [31]

Robotics Foundation Models for: motion planning for navigation and multipurpose task

Figure 10: Examples of Robotics Foundation Models (RFMs)

4.2 Robotics Foundation Models (RFMs)
With the increasing amount of robotics datasets, containing state-action pairs from real robots, the class of Robotics Foundation
Models (RFMs) have likewise become increasingly viable [28, 29, 175]. These models are characterized by the use of robotics
data to train them, in order to solve robotics tasks. In this subsection, we summarize and discuss different types of RFMs. We
will first introduce RFMs that can perform one set of tasks, within one of the robotic modules from Section 2.1, which is defined
as single-purpose Robotic Foundation Models. For example, an RFM that can generate low-level actions to control the robots,
or a model that can generate higher-level motion plans. We later introduce RFMs that can carry out tasks in multiple robotic
modules, hence general-purpose models that can perform perception, control, and even non-robotic tasks [30, 31].

4.2.1 Robotics Action Generation Foundation Models

Robotic action foundation models could take raw sensory observations, e.g., images or videos, and learn control output that is
directly applied to robotic end-effectors. Models in this category include RT series [27, 28, 175], RoboCat [197], MOO [251],
etc. According to the papers’ results, these models show generalization in robot control tasks such as manipulation.

Imitation Learning Language inputs have also been used for providing task specifications for end-to-end direct downstream
control of robotics, forming language-conditioned imitation policy learning. Li et al. [252] use pre-trained language models to
initialize policy networks that predict the next action. The control policy is fine-tuned via behavior cloning and active learning,
to improve task completion. Directly using language inputs to generate robot actions for improving human-robot collaboration
has also been proposed: the Language-Informed Latent Actions (LILA) framework [253] learns to use language to modulate
the low-level controller, effectively using language to map a 7-DoF robotic arm output to a 2-DoF input. Further, Hu et al. [254]
use multi-agent reinforcement learning to fine-tune an LLM policy to enable humans to specify what kind of strategies they
expect from their AI partners. Building on the theme of instructing robots through language, Lynch et al. [255] use behavioral
cloning on a dataset of hundreds of thousands of language-annotated trajectories to improve vision-language-motor skills in the
real world. Though previous works mostly take a language-conditioned approach, RoboCat [197] trains imitation learning
policy with just robotic data.

Reinforcement Learning at Scale As discussed in Section 2.1.3 (Preliminaries), offline RL has the potential to learn good
policies without even interacting with the environment. With the availability of large-scale robotic datasets, offline RL starts
to play an important role in developing effective RFMs. Early large-scale offline RL models such as QT-OPT [111] use a
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Q-learning-based approach in an offline manner to learn policy from robotics data which are collected by a robot farm. The
successors of QT-OPT extend it to multitask learning by incorporating multi-task curriculum or predictive information [256,
257]. Recently, with the success of Transformer models, Q-learning based on transformer (Q-Transformer) also shows
its potential [258]. PTR [259] is another promising work that adopts Conservative Q-Learning (CQL) [260] in a multi-task
learning setting. We look forward to seeing more RL-based robotic foundation models.

Vision and Language Pre-training Another direction of action foundation models involves vision or language pre-training
[28, 261–266]. For example, inspired by the great generalization ability of self-supervised vision-based pre-training, MVP
by Radosavovic et al. [263] trains visual representations on real-world images and videos from the internet and egocentric
video datasets, via a masked autoencoder, and demonstrate the effectiveness of scaling visual pre-training for robot learning.
Following this work, RPT [264] proposes Mask-pretraining with real robot trajectory data. VC-1 [266] actually did a
comprehensive study on the effectiveness of vision-based pre-training on policy learning. We also recommend readers to learn
more information about this problem from that paper. Despite the effectiveness of these visual pretraining methods, Hansen
et al. [265] reexamined some of these methods and discovered significant domain gaps and propose a learning from scratch
approach which remains competitive. This provides us a new perspective to think about visual pretraining in robotics.

Beyond just using visual information, RT-2 [28] and Moo [251] use vision and language pre-trained model as a control policy
backbone. PALM-E [31] and PALI-X [267] were used to transfer knowledge from the web into robot actions. Slightly
different from previous methods, VRB [268] learns affordance functions (instead of the policy itself) from large-scale video
pertaining, providing another thought process for us to study how RFMs may generalize in real-world tasks.

Robotics Motion Planning Foundation Models Recently we have seen the rise of RFMs especially used for motion-planning
purposes in visual navigation tasks [29, 269, 270]. These foundation models take advantage of the large-scale heterogeneous
data and show generalization capability in predicting high-level motion-planning actions. These methods rely on rough
topological maps [29, 269] consisting of only image observations instead of accurate metric maps and accurate localization as
in conventional motion-planning methods (as described in Section 3.3). Unlike vision and language foundation models applied
to motion planning, the robotic motion planning foundation model is still quite in its early stages.

4.2.2 General-purpose Robotics Foundation Models

Developing general-purpose robotic systems is always a holy grail in robotics and artificial intelligence. Some existing works
[30, 31] take one step towards this goal. Gato [30] proposes a multimodal, multi-task, and multi-embodiment generalist
foundation model that can play Atari games, caption images, chat, stack blocks with a real robot arm, and more—all with
the same model weights. Similar to Gato, PaLM-E [31] is also a general-purpose multimodal foundation model for robotic
reasoning and planning, vision-language tasks, and language-only tasks. Although not proven to solve all the robotics tasks
that we introduced in Section 2, Gato and PaLM-E show a possibility of merging perception and planning into one single
model. Moreover, Gato and PALM-E show promising results of using the same model to solve various seemingly-unrelated
tasks, highlighting the viability of general-purpose AI systems. Designed especially for robotic tasks, PACT [271] proposes
one transformer-based foundation model with common pre-trained representations that can be used in various downstream
robotic tasks, such as localization, mapping, and navigation. Although we have not seen many unified foundation models for
robotics, we would expect more endeavors in this particular problem.

4.3 How Foundation Models Can Help Solve Robotics Challenges
In Section 3, we listed five major challenges in Robotics. In this section, we summarize how foundation models—either vision
and language models or robotic foundation models—could help resolve these challenges, in a more organized manner.

All the foundation models related to visual information, such as VFMs, VLMs, and VGMs, are used in the perception modules
in Robotics. LLMs, on the other hand, are more versatile and can be applied in both planning and control. We also list RFMs
here, and these robotic foundation models are typically used in planning and action generation modules. We summarize how
foundation models solve the aforementioned robotic challenges in Table 1. We notice from this table that all foundation models
are good at generalization in tasks of various robotic modules. Also, LLMs are especially good at task-specification. RFMs,
on the other hand, are good at dealing with the challenge of dynamics model since most RFMs are model-free approaches.
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For robot perception, the challenges in generalization ability and model are coupled, since, if the perception model already has
very good generalization ability, there’s no need to get more data for domain adaptation or additional fine-tuning. In addition,
the call for solving the safety challenge is largely missing, and we will discuss the particular problem in Section 6.

Foundation Models for Generalization Zero-shot generalization is one of the most significant characteristics of current
foundation models. Robotics benefits from the generalization ability of foundation models in nearly all aspects and modules.
For the first one, generalization in perception, VLM and VFM are great choices as the default robotics perception models. The
second aspect is the generalization ability in task-level planning, with details of task plans generated by LLMs [24]. The third
one is in generalization in motion-planning and control, by utilizing the power of RFMs.

Foundation Models for Data Scarcity Foundation models are crucial in tackling data scarcity in robotics. They offer a
robust basis for learning and adapting to new tasks with minimal specific data. For example, recent methods utilize foundation
models to generate data to help with training robots, such as robot trajectories [238] and simulation [239]. These models
excel in learning from a small set of examples, allowing robots to quickly adapt to new tasks using limited data. From this
perspective, solving data scarcity is equivalent to solving the generalization ability problem in robotics. Apart from this
aspect, foundation models—especially LLMs and VGMs—could generate datasets for robotics used in training perception
modules [240] (see Section 4.1.5, above), and for task-specification [241].

Foundation Models to Relieve the Requirement of Models As discussed in Section 3.3, building or learning a model—
either a map of the environment, a world model, or an environmental dynamics model—is vital for solving robotic problems,
especially in motion-planning and control. However, the powerful few/zero-shot generalization ability that foundation models
present may break that requirement. This includes using LLMs to generate task plans [24], using RFMs to learn model-free
end-to-end control policies [27, 258], etc.

Foundation Models for Task-Specification Task-specifications as language prompts [24, 27, 28], goal images [180, 272],
videos of humans demonstrating the task [273, 274], rewards [26, 181], rough scratch of trajectory [241], policy sketches
[275], and hand-drawn images [276] have allowed goal specifications in a more natural, human-like format. Multimodal
foundation models allow users to not only specify the goal but also help resolve ambiguities via dialogue. Recent work in
understanding trust and intent recognition within the human-robot interaction domain has opened up newer paradigms in our
understanding of how humans use explicit and implicit cues to convey task-specifications. While significant progress has been
made, recent work in prompt engineering for LLMs implies that even with a single modality, it is challenging to generate
relevant outputs.

Vision-Language Models are proven to be especially good at task-specification, showing potential for resolving this problem
in robotics. Extending the idea of vision-language-based task-specifications, Cui et al. [180] explore methods to achieve
multi-modal task specification using more natural inputs like images obtained from the internet. Brohan et al. [27] explores
this idea of zero-shot transfer from task-agnostic data further, by providing a novel model class that exhibits promising scalable
model properties. The model encodes high-dimensional inputs and outputs, including camera images, instructions, and motor
commands into compact token representations to enable real-time control of mobile manipulators.

5 Review of Current Experiments and Evaluations
In this section, we summarize the datasets, benchmarks, and experiments of the current research works.

5.1 Datasets and Benchmarks
Relying solely on knowledge learned from language and vision datasets is limiting. Some concepts, like friction or weight,
are not easily learned through these modalities alone, as suggested by Gao et al. [279] and Tatiya et al. [202] in their works on
physically grounded VLMs. Therefore, in order to make robotic agents that can better understand the world, researchers are
not just adapting foundational models from the language and vision domains; they are also advancing the development of large,
diverse, and multimodal robotic datasets for training or fine-tuning these foundation models. This effort is now diverging into
two directions: collecting data from the real world versus collecting data from simulations and then transferring it to the real
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Modules Foundation Models Generalization 3.1 Data 3.2 Model 3.3 Task Specification 3.4 Uncertainty 3.5

Perception 2.1.1

VFM 2.2.1 Conceptgraphs [277] Conceptgraphs [277] - - -

VGM 2.2.2 -
ROSIE [240]

RoboGen [239]
- -

VLM 2.2.4 NLMap [25]
NLMap [25]

RT-Traj. [241]
- RT-Traj. [241] -

Task Planning and
Action Generation

2.1.2 and 2.1.3

LLM 2.2.3 saycan [24]
saycan [239]

RT-Traj. [241]
RAP [278]

LILA [253]

RT-Traj.[241]
KNOWNO [186]

RFM 4.2

RT-1 [27]

RT-2 [28]

RoboCat [197]

VINT [29]

RT-X [175]

RT-1 [27]

RT-2 [28]

RoboCat [197]

Zest [180]

RT-Traj. [241]
-

Table 1: A summary of foundation models solving robotic challenges. Here we only list part of the works due to space limit.

world. Each direction has its pros and cons. We will cover these datasets and simulations in the following paragraphs and
discuss their respective advantages and disadvantages.

5.1.1 Real World Robotics Datasets

Real-world robotics datasets are highly appealing due to their diverse object classes and multimodal inputs, offering a rich
resource for training robotic systems without the need for complex and often inaccurate physical simulations. However,
creating these large-scale datasets presents a significant challenge, primarily due to the absence of a substantial ‘data flywheel’
effect. This effect, which greatly benefited fields like CV and NLP through contributions from millions of internet users, is
less evident in robotics. The limited incentive for individuals to upload extensive sensory inputs and corresponding action
sequences poses a major hurdle in data acquisition. Despite these challenges, current efforts are focused on addressing these
gaps. RoboNet [280] is a notable effort in this direction, offering a large-scale, diverse dataset across different robotic platforms
for multi-robot learning. Bridge Dataset V1 [281] collects 7200 hours of demonstrations in real household kitchen manipulation
tasks, and its following Bridge-V2 [282] contains 60,096 trajectories collected across 24 environments on common low-cost
robots. Language-Table [255] collects 600,000 language-labeled trajectories—an order of magnitude larger than prior available
datasets. RT-1 [27] contains 130k episodes that cover 700+ tasks, collected using a fleet of 13 robots from Everyday Robots,
over 17 months. While the aforementioned datasets represent significant advancement over prior lab-scale datasets, offering a
relatively large volume of data, they are limited to single modalities or specific robot tasks.

To overcome these limitations, some recent initiatives have made notable progress. For example, GNM [269] successfully
integrated six different large-scale navigation datasets, utilizing a unified navigation interface based on waypoints. Furthermore,
a recent collaborative effort among various laboratories called RT-X [175] has aimed to standardize data across different datasets,
by using a 7-degree-of-freedom end-effector’s pose as a universal reference across different embodiments. This approach
facilitates the joint use of diverse datasets and showed positive performance in cross-morphology transfer learning.

Building on these advancements, the scale of real-world robotics datasets is beginning to grow, albeit still lagging behind the
immense volume of internet-scale language and vision corpora. The accessibility of advanced hardware such as the Hello
Stretch Robot, Unitree Quadrupeds, and open-source dexterous manipulators [283] is expected to catalyze this growth. As these
technologies become more widely available, they are likely to initiate the desired ‘data flywheel’ effect in Robotics.

5.1.2 Robotics Simulators

While we await the widespread deployment of robotic hardware to gather massive amounts of robot data, another approach is
to develop simulators that closely mimic real-world graphics and physics. The advantage of using simulation is the ability to
deploy tens of thousands of robot instances in a simulated world, enabling simultaneous data collection.

Simulators focus on different aspects, such as photorealism, physical realism, and human-in-the-loop interactions. For
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navigation tasks, photorealistic simulators are crucial. AI Habitat addresses this by utilizing realistically-scanned 3D scenes
from the Matterport3D dataset [284]. Furthermore, Habitat [285] is a simulator that allows AI agents to navigate through various
realistic 3D spaces and perform tasks, including object manipulation. It features multiple sensors and handles generic 3D
datasets. Habitat 2.0 [173] builds upon the original by introducing dynamic scene modeling, rigid-body physics, and increased
speed. Habitat 3.0 [174] further integrates programmable humanoids to enhance the simulation experience. Additionally, the
AI2THOR simulator [286] is another promising framework for photorealistic visual foundation model research, as evidenced in
[203, 287]. Other simulators, like Mujoco [169], focus on creating physically realistic environments for advanced manipulation
and locomotion tasks.

Moreover, simulators like AirSim [288] and the Arrival Autonomous Racing Simulator [101], both built on Unreal Engine,
provide a balance of reasonable physics and photorealism. Ultimately, while the aforementioned simulators excel in various
areas, they face common challenges such as parallelism. Simulators like Issac Gym [170] and Mujoco 3.0 [289] have attempted
to overcome these challenges by using GPU acceleration to expedite the data-collection process.

Despite the abundance of data available in simulators, there are inherent challenges in their use. Firstly, the domain gap
between simulations and the real world makes transferring from sim to real problematic—issues that early works are already
seeking to resolve [163]. Secondly, the diversity of environments and base objects is still lacking. Therefore, to effectively
utilize simulations in the future, continuous improvements in these two areas are essential.

5.2 Analysis of Current Method Evaluation
We conduct a meta-analysis of the experiments of papers listed in Tables 2 to 7, encouraging readers to consider the following
questions

1. What tasks are being solved?

2. On what datasets or simulators have they been trained? What robot platforms are used for testing?

3. What foundation models are being utilized? How effectively are the tasks solved?

We summarize several key trends observed in the current literature concerning the experiments conducted:

Imbalanced Focus among Manipulation Tasks: There is a significant emphasis on general pick-place tasks, particularly
tabletop and mobile manipulation. This is likely due to the ease of training for tabletop gripper-based manipulation skills and
their potential to form skill libraries that interact with foundation models. However, there is a lack of extensive exploration in
low-level action outputs, such as dexterous manipulation and locomotion.

Need for Improved Generalization and Robustness: Generalization and robustness of end-to-end foundational robotics
models have room for improvement. In tabletop manipulation, the use of foundation models leads to performance drops
ranging from 21% [27, 229] to 31% [28] in unseen tasks. In addition, these models still need improved robust to disturbances,
performance drops 14% [27] to 18% [229] for similar tasks.

Limited Exploration in Low-Level Actions: There remains a gap in the exploration of direct low-level action outputs. The
majority of research focuses on task-level planning and utilizes foundation models with pre-trained or pre-programmed skill
libraries. However, existing papers [28, 30, 175] that explore low-level action outputs mainly focus on table-top manipulation,
where the action space is limited to the end effector’s 7 degrees of freedom (DoF). Models that directly output joint angles for
tasks like dexterous manipulation and locomotion still require a more thorough research cycle.

Control Frequencies Too Slow to be Deployed on Real Robots: Most current approaches to robotic control are open-loop,
and even those that are closed-loop face limitations in inference speed. These speeds typically range from 1 to 10 Hz, which
is considered low for majority of robotics tasks. Particularly for tasks like humanoid locomotion, a high-frequency control of
around 500 Hz is required for the stabilization of the robot’s body [320].
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Table 2: Tabletop Manipulation

Title Datasets & Simulation Real Robot
Number
of Tasks

Base Model SR SR Descriptions Frequency

RT-X

Kitchen
Manipulation [290],
Cable Routing [291],
NYU Door
Opening [292],
AUTOLab UR5 [293],
Robot Play [294],
Bridge [282],
RL Bench (RT-1) [27]

Google robot 160266 RT-2(PaLI)
30%
63%
92%

Bridge,
Small lab datasets,
Google robot

3-10Hz

RT-2
RL Bench (RT-1) [27]
Language-Table [255]

Google robot
480 +

6K real
PaLI, PaLM

93%
62%

Seen tasks,
Unseen tasks

1-5Hz

RT-1[27] RL Bench (RT-1) [27] Google robot
744 +

3K real
RT-1

97%
76%
83%
59%

Seen Tasks,
Unseen Tasks,
With Distractors,
Novel background

3 Hz

GNFactor [200] RL Bench (RT-1) [27] XArm7 166
Stable Diffusion,
CLIP

32%
28%

Multi-task test,
Unseen tasks

Unspec.

MOO [251]
PyBullet [295] and
Self-created robotic data

Google robot 106
Owl-ViT,
RT1

92%
75%

Seen Tasks,
Unseen Tasks

Unspec.

PhysObjects [279] PhysObjects [279] Franka Panda 51
FlanT5-XXL,
GPT-4

88%
88%

PhysObjects Test Set,
Real scenes

open loop

Matcha [296] CoppeliaSim [297] NiCOL 50
ViLD,
text-davinci003

91%
57%

Distinct descriptions,
Indistinct descriptions

open loop

Scalingup [238] Scalingup benchmark [238] UR5 arm 18 GPT-3 79% Mean Success 35 Hz

F3RM [199] None Franka Panda 18 CLIP
78%
62%

Grasp-Place,
Object Manip.

Unspec.

VIMA [272] VIMABench [272] None 17
pre-trained T5
tokenizer

81%
81%
79%
49%

L1,
L2,
L3,
L4

Unspec.

Instruct2Act [298] VIMABench [272] None 17

CLIP,
SAM,
text-davinci003,
LLaMA

84% Mean Success open loop

VoxPoser [229]
Saipen [299]
Where2act [300]

Franka Emika 13
GPT-4,
SAM,
Owl-ViT

88%
70%
67%

Static environments,
With disturbances,
Unseen semarios

5HZ

Text2Motion [222] TableEnv [222] Franka Panda 6 text-davinci003 82% Mean Success open loop

GenSim [224]
PyBullet [295] and
Self-created robotic data

XArm-7 100+ GPT4
53.3%
68.8%

50 Tasks
70 Tasks

Unspec.
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Table 3: Dexterous Manipulation

Title Datasets & Simulation Real Robot
Number
of Tasks

Base Model SR SR Descriptions Frequency

RoboCat [197]
RGB-Stacking
Benchmark [301]

Sawyer 7-DoF,
Panda 7-DoF,
KUKA 14-DoF

253 RoboCat
82%,
74%,
86%

Sawyer in sim,
Panda in sim,
KUKA in real

10 Hz
20 Hz

Table 4: Mobile Manipulation

Title Datasets & Simulation Real Robot
Number
of Tasks

Base Model SR SR Descriptions Frequency

LLaRP [302]
Language
Rearrangement [302]

None 1000 LLaMA-7B

42%
0%
8%
39%

Total,
Multiple objects,
Spatial Reasoning,
Conditional instuct.

open loop

Code-As-Policies [218]
Customized
RoboCodeGen [218],
HumanEval [303]

Eveyday Robots,
UR5 Robot arm

214
Codex,
GPT3

95%
96%

RoboCodeGen,
HumanEval

open loop

InnerMonlogue [250] Ravens [304];
UR5e robot,
Google robot

130
ViLD
GPT-3.5

51%
50%
90%
60%

Seen Ravens tasks,
Unseen Ravens tasks,
Real robot arm,
Google robot

Unspec.

LIV [305]
MetaWorld [306]
FrankaKitchen [262]

Franka panda 114 LIV
30%
30%
45%

FrankaKitchen,
MetaWorld,
Real robots

15hz

SayCan [24] None Google robot 101
PaLM,
Flan

74% Mean Success open loop

PaLM-E [31] Lang-table [255]
Google robot,
xArm6

100 PaLM-E

83%
76%
52%
91%

Grasping,
Stacking,
Lang-table tasks,
Google robot

1-5Hz

TidyBot [307] TidyBot [307] TidyBot 96
ViLD,
CLIP ,
text-davinci003

91%
83%

Sim,
Real

open loop

LLM-Grop [308] Gazebo [309]
Segway base
+ UR5e arm

8 GPT-3 4.08
Average human
rating(1-5)

open loop

LLM+P [249]
International Planning
Competition [225]

None 7 GPT-4

20%
90%
0%
95%
85%
20%
10%

Barman,
BLOCKSWORLD,
FLOORTILE,
GRIPPERS,
STORAGE,
TERMES,
TYREWORLD

open loop

HomeRobot [207] Habitat [310] Hello-Robot Stretch 8 - 20% RL baseline closed loop
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Table 5: Navigation

Title Datasets & Simulation Real Robot
Number
of Tasks

Base Model SR SR Descriptions Frequency

LM-Nav [206] None
Clearpath
Jackal UGV

20 GPT-3 80% Mean Success open loop

CLIP-Fields [204]
Habitat-Matterport
3D Semantic [310]

Stretch
Robot

14
CLIP
Detic

79% Mean Success open loop

GNM [269] GNM datasets [269]

LoCoBot
Vizbot
DJI Tello
Jackal UGV

3 GNM 96% Mean Success Unspec.

Table 6: locomotion

Title Datasets & Simulation Real Robot
Number
of Tasks

Base Model SR SR Descriptions Frequency

SayTap [26] IsaacGym [170] Unitree A1 30 GPT-4 97% Mean Success openloop

Prompt2Walk [231] Mujoco [169] None 1 GPT-4 80% Mean Success 10 Hz

Table 7: Multi-Tasks

Title Datasets & Simulation Real Robot
Number
of Tasks

Base Model SR SR Descriptions Frequency

Gato [30]

Meta-World [306],
Sokoban [311],
BabyAI [312],
Procgen
Benchmark [313],
Arcade Learning
Environment [314],
DM Control
Suite [315]

Sawyer arm 604 GPT-4

97%
68%
80%
68%
super-human
64%

Meta-World,
Sokoban,
BabyAI,
Procgen,
ALE Atari,
DM Control Suite

20 Hz

Grounded
Decoding [316]

2D Maze [317],
Ravens [304]

None 124
GPT-3.5
PaLM

71%
46%
95%
51%

Ravens Seen Tasks,
Ravens Seen Tasks,
2D Maze,
Mobile Manipulation

open loop

Eureka [181]
Issac Gym [170],
Bidexterous
Manipulation [318]

None 29 GPT-4
55%
3.7
1

Bi-Dextrous,
Isaac Tasks –
(Human Score)

open loop

Lang2Reward [228] MuJoCo MPC [319] Google robot 17 GPT-4
95%
80%

Quadruped,
Dextrous manipulator

open loop

VC-1 [266] CortexBench [266] None 17 VC-1

59%
89%
67%
72%
60%
70%
63%

Adroit,
Meta-World,
DMControl,
Trifinger,
ObjectNav,
ImageNav,
Mobile Pick

open loop
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Lack of Uniform Benchmarks for Testing: The diverse nature of simulations, embodiments, and tasks in robotics leads
to varied benchmarks, complicating the comparison of results. Additionally, while success rate is often used as the primary
metric, it may not sufficiently evaluate the performance of real-world tasks involving large foundation models, as latency is not
captured by the success rate alone. More nuanced evaluation metrics that consider inference time, such as the Compute Aware
Success Rate (CASR) [227].
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6 Discussions and Future Directions

6.1 Remaining Challenges and Open Discussions
Grounding for Robotic Embodiment Although numerous strategies have been explored to address the problem of ground-
ing, as discussed in Section 9, there are many open challenges in this area. First, grounding needs an effective medium or
interface that bridges concepts and robot actions. Existing interfaces, such as those employing natural language [24, 31] and
code [218, 223], are limited. While concepts can be articulated through language and code, they are not universally applicable
to nuances such as dexterous body movements. Furthermore, these interfaces often depend on predefined skill libraries
that are not only time-intensive to develop but also lack generalization to new environments. Using reward as an interface
[181, 228, 234] may alleviate some of the generalization issues in simulations by acquiring skills dynamically. However, the
time-consuming and potentially unsafe nature of training RL algorithms in the real world raises questions about the feasibility
of this method, with real-world validations of its effectiveness yet to be demonstrated.

Second, we need to move from a unimodal notion of grounding, like mapping the word to meaning to a more holistic grounding
of multiple sensory modalities. Approaches that rely solely on visual data [279] may capture certain physical properties such
as material, transparency, and deformability. Yet, they fall short in grasping concepts like friction, which requires interactive
data with proprioceptive feedback, or the scent of an object, which cannot be acquired without additional modalities such as
olfaction.

Lastly, we should consider grounding from an embodiment perspective. The same task may necessitate distinct actions based
on the robot’s embodiment; for example, opening a door would require drastically different maneuvers from a humanoid robot
compared to a quadruped. Current research on grounding often emphasizes environmental adaptation while affording less
consideration to how embodiment shapes interaction strategies.

Safety and Uncertainty As we pursue deployments of real robots to work alongside humans in factories, to provide elderly
care, or to assist in homes and offices, these autonomous systems (and the foundation models that power them) will require
more effective measures of safety. While formal hardware and software safety checks still apply, the use of foundation models
to support provable safety analysis will become an increasingly necessary direction. With the goal of deploying robots to
safety-critical scenarios, prior works have considered leveraging Lyapunov-style safety index functions [121, 321, 322], in
attempts to provide hard safety guarantees for nonlinear systems with complex dynamics and external disturbances (see also
Section 3.5). Traditionally, the systems under consideration by the provable safety literature are of low dimension, often
require careful specification of a world/dynamics model, require specifying an initial safe set and/or set-boundary distance
functions, require some heuristics and training “tricks” to obtain useful safety value functions that balance conservativeness
versus performance, do not naturally support multi-agent settings, and present challenges in safely updating the safety value
function and growing the safe set online. Herbert et al. [322] synthesized several techniques into a framework—thereby easing
computation, streamlining updates to the safe sets by one or more orders of magnitude compared to the prior art, and extending
Hamilton-Jacobi Reachability analysis to 10-dimensional systems that govern quadcopter control. Chen et al. [121] combine
RL with HJ Reachability analysis to learn safety value functions from high-dimensional inputs (RGB images, plus vehicle
state), to trade-off a performance-oriented policy and a safety-oriented policy, within a jointly-optimized dual actor-critic
framework, for simulated autonomous racing. Tian et al. [323] integrate HJ Reachability analysis in the context of multi-agent
interactions in urban autonomous driving, by formulating the problem as a general-sum Stackelberg game.

However, in all of these works, open questions remain on integrating socially-acceptable safety constraints and formal
guarantees for systems with robotic foundational models. One of the directions is to formulate safety as an affordance [324].
The definition of safety changes based on the capability of the robot and social context. Another focus for safety is to ensure
robust alignment of the robot’s inferred task specification to a human user’s communicative intent. Foundation models offer
a way to encode the enormous world knowledge, which can serve as commonsense priors to decode the underlying intent.
Recent works improve the use of LLMs for robotics with conformal prediction [186] and explicit constraint checking [325].
Despite these advances, foundation models currently lack native capacity to reason about the uncertainty associated with their
outputs. If properly calibrated, uncertainty quantification in foundation models can be used to trigger fall-back safety measures
like early termination, pre-defined safe maneuvers, or human-in-the-loop interventions.
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Dichotomy between End-to-End Differentiability and Modular Approaches in Robotics The human brain serves as an
example of a functional approach to learning and generalization. While neuroscientists have identified specific regions of the
brain, such as the visual cortex, somatosensory cortex, and motor cortex, the brain demonstrates remarkable plasticity and
the ability to reorganize its functions to adapt to changes or brain lesions. This flexibility suggests that the brain may have
evolved to be modular as a consequence of unified training, combining specific functionalities while maintaining the capacity
for general learning. Similarly, in “Bertology”, NLP researchers show how local parts of trained networks can specialize in
one area over others. This indicates that certain modules of large-scale models may become highly specialized for specific
functions, which can be adapted for downstream tasks without re-training the entire network. This transfer learning approach
can lead to more efficient use of computational resources and faster adaptation to new tasks.

In the context of Robotics, taking a premature stand for either modular or end-to-end policy architectures may limit the potential
of the foundation model. Modular solutions can provide specific biases and enable effective task-specific performance, but
they may not fully leverage the potential of general learning and transferability. On the other hand, end-to-end solutions have a
history of working well on certain tasks, but they might not offer the desired flexibility for adaptation to new situations.

Regarding the architectural approach for the model, we can focus on a functional approach rather than categorizing it as either
modular or end-to-end differentiable. One of the goals of a robotic foundational model is to allow flexible modular components,
each responsible for specific functionalities, with unified learning that leverages shared representations and general learning
capabilities. Current foundation models are not literally trained as an end-to-end neural network. Though it is theoretically
unclear if we cannot have one, most modern approaches leverage the massive scale of web data to pre-train multi-modal models
or use frozen language and frozen vision models with “glue” layers in-between [154].

Adaptability to Physical Changes in Embodiment From employing a pen to flip a light switch to maneuvering down a
staircase with a broken leg encased in a cast, the human brain demonstrates versatile and adaptable reasoning. It is a single
unit that controls perceptual understanding, motion control, and dialogue capabilities. For motion control, it adapts to the
changes in the embodiment, due to tool use or injury. This adaptability extends to more profound transformations, such as
individuals learning to paint with their feet or mastering musical instruments with specialized prosthetics. We want to build
such interactive and adaptable intelligence in Robotics.

In the previous discussions, we saw existing works successfully deploying navigation foundation models for various robot
platforms [29], such as different wheeled robots and quadrupedal robots. We also witnessed the manipulation foundation
model used in different manipulators [28, 326] which can be used across different robotic platforms, ranging from tabletop
robot arms to mobile manipulators.

one of the key open research question is how robotics foundational models should enable motion control across different
physical embodiments. Robot policies deployed in homes and offices must be robust to mechanical motion failures, such
as sensor malfunctions or actuator breakdowns, ensuring continued functionality in challenging environments. Furthermore,
robotic systems must be designed to adapt to a variety of tools and peripherals, mirroring the human capability to interact
with different instruments for specific tasks and physical tool uses. While some works [327–329] have explored learning
representations for diverse tool use, these approaches are yet to be scaled up with foundation models.

World Model, or Model-agnostic? In classical robotics, especially in planning and control problems, it was common to
attempt to model as much as possible about the world that would be needed for robotics tasks. This was often carried out by
leveraging structural priors about the tasks, or by relying on heuristics or simplifying assumptions. Certainly, if it was possible
to perfectly model the world, solving robotics problems would become a lot simpler. Unfortunately, due to the complexity of
the real world, world modeling in Robotics remains extremely difficult and sometimes even intractable. As a consequence,
obtaining policies that generalize across tasks and environments remains a core problem.

The foundation models surveyed in this paper mostly take a model-agnostic (model-free) approach, leveraging the strength
of expansive datasets and large-scale deep learning architectures. Some exceptions have attempted to emulate model-based
approaches by directly employing LLMs as dynamic models. However, these attempts are still constrained by the inherent
limitations of text-only descriptions and are prone to encountering issues with hallucinations, as discussed in [227, 278].
Many researchers would argue [137] that the data-scaled learning paradigm of these foundation models is still quite different
from how humanity and animals learn, which is in an extreme data- and energy-efficient manner. Achieving even close to
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the joint performance and efficiency of human learning ability remains intriguing. In [137], LeCun argues that one possible
answer to resolving that puzzle may lie in the learning of world models, a model that predicts how the state of the world
going to change as consequences of the actions taken. If we were to develop world models that can emulate the precision
of the world’s representation through rigorous mathematical and physical modeling, it would bring us significantly closer
to addressing and generalizing complex issues in robotics. These sophisticated and reliable world models would enable
the application of established model-based methodologies, including search-based and sample-based planning, as well as
trajectory optimization techniques. This approach would not only facilitate the resolution of planning and control challenges
in robotics but also augment the explainability of these processes. It is posited that the pursuit of a ’foundation world
model’, characterized by remarkable generalization abilities and zero-shot learning capabilities, holds the potential to be a
paradigm-shifting development in the field.

Novel Robotics Platforms and Multi-modality sensors As demonstrated in Figure 4c and the Meta-analysis Table 2 to
7, existing real robot platforms utilized for foundation models are predominantly limited to gripper-based single-arm robot
manipulators. The range of concepts learnable from tasks executed by these hardware systems is restricted, primarily because
the simple opening and closing actions of a gripper are easily describable by language. To enable robots to achieve a level of
dexterity and motor skills comparable to those of animals and humans, or to perform complex domestic tasks, it is essential for
foundation models to acquire a deeper understanding of physical and household concepts. This learning necessitates a broader
spectrum of information sources, such as diverse sensors (including smell, tactile, and thermal sensors), and more intricate
data such as proprioception data from with a high degree of freedom platform.

Current dexterous manipulators, like the Shadow Hand [330], are prohibitively expensive and prone to frequent breakdowns,
hence they are predominantly experimented with in simulations. Moreover, tactile sensors are still limited in their application,
often confined to the fingertips as in [331], or offering too low resolution, as observed in the robot-sweater [332]. Furthermore,
since the bulk of data collection is still conducted through human demonstrations, platforms that facilitate more accurate and
efficient data acquisition, such as ALOHA [333] and Leap Hands [283], are gaining popularity. Therefore, we posit that
significant contributions are yet to be made not only in software but also in hardware innovations. These advancements are
crucial for expanding the conceptual space of foundational robotics models and for providing more streamlined data collection
pipelines.

Continual Learning Continual learning broadly refers to ability to learn and adapt to dynamic and changing environments.
Specifically, it refers to learning algorithms that can learn and adapt to the underlying training data distribution and changing
learning objective, as they evolve through time.

Continual learning is challenging, as neural network models often suffer from catastrophic forgetting, leading to a significant
decrease in overall model performance on prior tasks. While one naive solution to mitigate performance degradation due
to catastrophic forgetting involves periodically re-training models with the entire dataset collected, this approach generally
does not encounter forgetting issues since it encompasses both old and new data. However, this method demands significant
computational and memory resources. In contrast, training or fine-tuning only on new tasks or current data, without revisiting
previous data, is less resource-intensive but incurs catastrophic forgetting due to the model’s tendency to overwrite previously
learned information. This forgetting can be attributed to task interference between old and new data, concept drifts as data
distributions evolve over time, and limitations in model expressivity based on its size.

Additionally, with the increasing capacities of models, continuously re-training them on expanding data corpora becomes less
feasible. Recent works in vision and language continual learning [334–337] have proposed various solutions, yet achieving
effective continual learning, that can be applied to robotics, still remains a challenging objective. For continual learning,
large pre-trained foundational models currently face the above challenges and more, primarily because their extensive size
makes retraining more difficult. In Robotics applications, specifically, continual learning is imperative to the deployability
of robot learning policies in diverse environments, yet it is still a largely-unexplored domain. Whereas some recent works
have studied various sub-topics of continual learning [338]—e.g., incremental learning [339], rapid motor adaptation [340],
human-in-the-loop learning [341, 342]—these solutions are often designed for a single task/platform and do not consider
foundation models yet.

We need continual learning algorithms, that are designed with machine learning fundamentals in mind and practical real-
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time systems considerations. Some open research problems and viable approaches are: (1) mixing different proportions of
the prior data distribution when fine-tuning on latest data to alleviate catastrophic forgetting [343], (2) developing efficient
prototypes from prior distributions or curriculum to learn new tasks [344] for task inference, (3) improving training stability
and sample-efficiency of online learning algorithms [345, 346], and (4) identifying principled ways to seamlessly incorporate
large-capacity models into control frameworks (perhaps with hierarchical learning [347–349]/ slow-fast control [350]) for
real-time inference.

Standardization and Reproducibility The robotics community needs to encourage standardized and reproducible research
practices to ensure that published findings can be validated and compared by others. To enable reproducibility at scale, we
need to bridge the gap between simulated environments and real-world hardware and improve the transferability of ML models.
Homerobot [207] is a promising step towards enabling both simulation and hardware platforms for open vocabulary pick-
and-place tasks. We need to establish standardized task definitions and affordances to handle different robot morphologies,
enabling more efficient model development.

6.2 Summary
In this survey paper, we analyzed the current research works on foundation models for robotics based on two major categories:
(1) works which apply foundation models to robotic tasks, and (2) works attempting to develop robotics foundation models
for robotics tasks using robotics data. We went through the methodologies and experiments of these papers, and provided
analysis and insights based on these research works. Furthermore, we specially covered how these foundation models help
resolve the common challenges in robotics. Finally, we discussed remaining challenges in robotics that have not been solved
by foundation models, as well as other promising research directions.

Disclaimer
Due to the rapidly changing nature of the field, we both stopped our literature review on Dec 10th 2023, and still
likely missed relevant work. In addition, due to limited time and resources, there may be inaccuracies or mistakes in
the paper. We welcome readers to send pull requests to our GitHub repo (https://github.com/JeffreyYH/
foundation-models-robotics-survey) so we may continue to update our references and correct the mistakes
and inaccuracies in the paper.
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[109] Elia Kaufmann, Antonio Loquercio, René Ranftl, Matthias Müller, Vladlen Koltun, and Davide Scaramuzza. Deep drone acrobatics.
In Proceedings of Robotics: Science and Systems, Corvalis, Oregon, USA, July 2020. 6

[110] Sergey Levine, Peter Pastor, Alex Krizhevsky, and Deirdre Quillen. Learning hand-eye coordination for robotic grasping with deep
learning and large-scale data collection. In arXiv:1603.02199, 2016. 6, 9

[111] Dmitry Kalashnikov, Alex Irpan, Peter Pastor, Julian Ibarz, Alexander Herzog, Eric Jang, Deirdre Quillen, Ethan Holly, Mrinal
Kalakrishnan, Vincent Vanhoucke, and Sergey Levine. Qt-opt: Scalable deep reinforcement learning for vision-based robotic
manipulation. In CoRL, 2018. 9, 10, 18

[112] Joonho Lee, Jemin Hwangbo, Lorenz Wellhausen, Vladlen Koltun, and Marco Hutter. Learning quadrupedal locomotion over
challenging terrain. In Science Robotics, 21 Oct 2020. 6

[113] Stephane Ross, Geoffrey J. Gordon, and J. Andrew Bagnell. A reduction of imitation learning and structured prediction to no-regret
online learning. In AISTATS, 2011. 6

[114] Pieter Abbeel and Andrew Y. Ng. Apprenticeship learning via inverse reinforcement learning. In ICML, 2004. 6

[115] Brian D. Ziebart, Andrew Maas, J.Andrew Bagnell, and Anind K. Dey. Maximum entropy inverse reinforcement learning. In AAAI,
2008. 6

[116] Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and Yoshua
Bengio. Generative adversarial networks. In NIPS, 2014. 6

[117] Jonathan Ho and Stefano Ermon. Generative adversarial imitation learning. In NIPS, 2016. 6

[118] Yunpeng Pan, Ching-An Cheng, Kamil Saigol, Keuntaek Lee, Xinyan Yan, Evangelos Theodorou, and Byron Boots. Agile autonomous
driving using end-to-end deep imitation learning. In RSS, 2018. 6

[119] Chenhao Li, Marin Vlastelica, Sebastian Blaes, Jonas Frey, Felix Grimminger, and Georg Martius. Learning agile skills via adversarial
imitation of rough partial demonstrations. In CoRL, 2022. 6

[120] Richard S. Sutton and Andrew G. Barto. Reinforcement Learning: An Introduction , second edition. The MIT Press, 2018. 6

[121] Bingqing Chen, Jonathan Francis, Jean Oh, Eric Nyberg, and Sylvia L Herbert. Safe autonomous racing via approximate reachability
on ego-vision. arXiv preprint arXiv:2110.07699, 2021. 6, 11, 27

[122] Deepak Pathak Zipeng Fu, Xuxin Cheng. Deep whole-body control: Learning a unified policy for manipulation and locomotion. In
CoRL, 2022. 6

[123] Xuxin Cheng, Kexin Shi, Ananye Agarwal, and Deepak Pathak. Extreme parkour with legged robots. In arXiv:2309.14341, 2023. 6

[124] Kurtland Chua, Roberto Calandra, Rowan McAllister, and Sergey Levine. Deep reinforcement learning in a handful of trials using
probabilistic dynamics models. In Neural Information Processing Systems, 2018. 6

[125] Chelsea Finn, Ian Goodfellow, and Sergey Levine. Unsupervised learning for physical interaction through video prediction. In NIPS,
2016. 6

[126] Chelsea Finn and Sergey Levine. Deep visual foresight for planning robot motion. In ICRA, 2017. 6

[127] S. Levine I. Kostrikov, A. Nair. Offline reinforcement learning with implicit q-learning. In ICLR, 2022. 6

[128] Tianhe Yu, Garrett Thomas, Lantao Yu, Stefano Ermon, James Y. Zou, Sergey Levine, Chelsea Finn, and Tengyu Ma. Mopo:
Model-based offline policy optimization. In NeurIPS, 2020. 6

36



[129] Wenxuan Zhou, Sujay Bajracharya, and David Held. Plas: Latent action space for offline reinforcement learning. In Conference on
Robot Learning (CoRL), 2020. 6

[130] Rafael Rafailov, Tianhe Yu, Aravind Rajeswaran, and Chelsea Finn. Offline reinforcement learning from images with latent space
models. In Proceedings of Machine Learning Research, volume 144:1–15, 2021. 6

[131] Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Dollar, and Ross Girshick. Masked autoencoders are scalable vision
learners. In CVPR, 2022. 7

[132] Namuk Park, Wonjae Kim, Byeongho Heo, Taekyung Kim, and Sangdoo Yun. What do self-supervised vision transformers learn?
In ICLR, 2023. 7

[133] Shashank Shekhar, Florian Bordes, Pascal Vincent, and Ari Morcos. Objectives matter: Understanding the impact of self-supervised
objectives on vision transformer representations. arXiv:2304.13089, 2023. 7

[134] Krishna Murthy Jatavallabhula, Alihusein Kuwajerwala, Qiao Gu, et al. Conceptfusion: Open-set multimodal 3d mapping. RSS,
2023.

[135] Shir Amir, Yossi Gandelsman, Shai Bagon, and Tali Dekel. Deep vit features as dense visual descriptors. arXiv:2112.05814, 2021.

[136] Jiarui Xu, Sifei Liu, Arash Vahdat, Wonmin Byeon, Xiaolong Wang, and Shalini De Mello. Open-vocabulary panoptic segmentation
with text-to-image diffusion models. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pages 2955–2966, 2023. 7

[137] Yann LeCun. A path towards autonomous machine intelligence version 0.9. 2, 2022-06-27. Open Review, 62, 2022. 7, 28, 29

[138] Rohit Girdhar, Alaaeldin El-Nouby, Zhuang Liu, Mannat Singh, Kalyan Vasudev Alwala, Armand Joulin, and Ishan Misra. Imagebind:
One embedding space to bind them all. arXiv preprint arXiv:2211.05778, 2022. 7, 8
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