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Scaling deep learning to massive and diverse internet data has driven remarkable breakthroughs in domains such as video
generation and natural language processing. Robot learning, however, has thus far failed to replicate this success and remains
constrained by a scarcity of available data. Learning from Videos (LfV) methods aim to address this data bottleneck by
augmenting traditional robot data with large-scale internet video. This video data provides foundational information regarding
physical dynamics, behaviours, and tasks, and can be highly informative for general-purpose robots.

This survey systematically examines the emerging field of LfV. We first outline essential concepts, including detailing
fundamental LfV challenges such as distribution shift and missing action labels in video data. Next, we comprehensively
review current methods for extracting knowledge from large-scale internet video, overcoming LfV challenges, and improving
robot learning through video-informed training. The survey concludes with a critical discussion of future opportunities. Here,
we emphasize the need for scalable foundation model approaches that can leverage the full range of available internet video
and enhance the learning of robot policies and dynamics models. Overall, the survey aims to inform and catalyse future LfV
research, driving progress towards general-purpose robots.
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1 Introduction
A generalist robot should be capable of performing a broad range of physical tasks in unstructured real-world
environments. It should maintain high-level reasoning and planning abilities, along with low-level physical
skills, such as dexterous manipulation. It should adapt to unseen and unexpected scenarios. It should operate
in unstructured settings by perceiving the world through imperfect partial observations (e.g., visual and tactile
sensing).
Such a robot would be highly useful in many practical applications (e.g., household or factory tasks). Nev-

ertheless, obtaining generalist robots remains a grand challenge in robotics. Classical robotics techniques are
insufficient as they cannot handle unseen and unstructured scenarios [137]. More recent machine learning (i.e.,
robot learning) techniques are more promising [206, 113]. These approaches have achieved skillful robot control
in narrow settings [336, 127], but generalization to unseen settings remains a challenge.
Robot learning can take inspiration from advances in other domains. Deep learning has recently provided

remarkable improvements in natural language processing [193], image generation [24], and video generation
[38]. This has been achieved by training expressive architectures [274] on massive, diverse datasets scraped
from the internet. Here, ‘scaling laws’ have shown performances to consistently and predictably improve with
increased computational power and data [123]. The use of diverse internet data has facilitated a transition from
task-specific models to monolithic ‘foundation models’ with more general capabilities [193].
There is evidence that these deep learning techniques [36, 264] and scaling laws [97, 222, 40] can transfer to

robotics and control. This offers a path towards more general-purpose robot capabilities. However, obtaining
large-scale data is a challenge in robotics. Robotics faces a chicken-and-egg problem: data cannot be easily
collected due to limited robot capabilities (deploying limited robots to collect real-world data can be ineffective
and dangerous), and capabilities cannot easily be improved due to the lack of data (see Figure 1).
How can we overcome this data bottleneck? One possibility is to use humans to collect robot data [36, 129].

However, this is expensive and can be difficult in tasks requiring skill. Another option is to leverage simulation
[336, 127]. However, simulation comes with issues related to flawed simulated physics and difficulties creating
and training on a suitable diversity of simulated environments and tasks. A final option is, like previous deep
learning successes [193, 24], to leverage the vast quantities of data available on the internet.
While any practical approach may leverage all complementary sources of data, in this survey we focus on

learning from internet data. Specifically, our interest lies in internet video data. Our reasoning here is threefold:

(1) Relevant information content. In contrast to internet-scraped text or image data, internet video can uniquely
offer information regarding the physics and dynamics of the world, and information regarding human
behaviours and actions [308]. Crucially, internet video has coverage over many behaviours and tasks
relevant to a general-purpose robot (e.g., household chores).

(2) High in quantity and diversity. There are huge quantities of video data freely available on the internet [249].
Importantly, this data is highly diverse. The largest open-source robot dataset [195] pales in comparison,
both in terms of quantity and diversity of the data (see Figure 8).

(3) Internet video is relatively untapped. The use of real and simulated robot data has been extensively explored
[36, 264, 8, 127]. Meanwhile, leveraging pretrained text and image foundation models has become increas-
ingly common in robotics [6, 157, 37, 238]. However, the use of internet video data in robotics is in more
nascent stages.

By leveraging large, diverse internet video data during robot learning, we hope to obtain a number of benefits
(Section 3.3). This includes obtaining improved generalization beyond the available robot data, versus approaches
that rely solely on small, narrow robot datasets (see Figure 2). Indeed, recent progress in the emerging field
of Learning from Videos (LfV) (Section 3.2) has been promising, demonstrating evidence of this. This has
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Fig. 1. An overview of the key concepts and taxonomies in this survey. The top green box presents the high-level
motivation behind LfV. The middle orange boxes highlight the benefits (Section 3.3) and challenges (Section 3.4) of LfV.
The bottom blue box visualises possible components in a pipeline for learning from large-scale internet video, as per the
taxonomies presented in the survey. Large internet video datasets (Section 5.1) can be used to pretrain (video) foundation
models (Section 4.1). These models can be adapted (e.g., via zero-shot transfer or finetuning) into reinforcement learning
(RL) ‘knowledge modalities’ [291] for use in the robot domain (Section 4.3). The diagram additionally highlights that action
representations (Section 4.2.1) can be used to mitigate the issue of missing action labels in video.
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included work leveraging large-scale video prediction models to act as robot dynamics models [306, 40], and
work leveraging both robot data and internet video to train foundation models for robotics [251].

Nevertheless, leveraging internet video is non-trivial and comes with a number of challenges (Section 3.4).
First, video is a challenging data modality: it is high-dimensional, noisy, and poorly labelled. Second, video
lacks information critical to robotics, including action labels and low-level force and proprioceptive information.
Moreover, there may be various distribution shifts between internet video and the robot domain. Given these
challenges, two key questions for LfV research are: (i) ‘How to extract relevant knowledge from internet video?’
and (ii) ‘How to apply video-extracted knowledge to robotics?’.

In this survey, we review literature that attempts to answer these questions 1. For the first question, we survey
video foundation model techniques promising for extracting knowledge from large-scale, heterogenous internet
video (Section 4.1). These techniques may serve as the backbone of scalable LfV approaches. For the second
question, we perform a thorough analysis of literature that explicitly addresses LfV challenges (Section 4.2),
before reviewing methods that directly utilise video data to aid robot learning (Section 4.3). We conclude the
survey by discussing challenges and opportunities for future LfV research (Section 6). Here, we recommend
focusing on scalable approaches that can leverage the full range of available internet video data, and focusing on
learning policies and dynamics models to best obtain the benefits of LfV.

Existing LfV research has shown promising signs of life, and this is a field ripe for further progress. Of course,
it is unclear whether scaling deep learning will take us all the way to general-purpose robots (Section 6.4), and
there are other research directions that should be pursued in parallel (Section 2). Nevertheless, with sufficient
effort and innovation, it seems likely that scaling—with the help of internet video data—can provide significant
gains in the near-future. We hope this comprehensive survey can encourage and inform these future LfV research
efforts, serving to facilitate our progress towards the creation of generalist robots.

2 Background
This section provides further details on prior literature in deep learning and robot learning. This serves to add
context regarding where LfV approaches (and our survey) fit into the broader research landscape.

Scaling Deep Learning. Empirically-derived ‘scaling laws’ have shown deep learning performances to con-
sistently and predictably improve with increased computation, model parameter count, and data [123]. Recent
successes in deep learning [39, 193, 70, 24] have largely been driven by such scaling, aided by the use of improved
model architectures – transformer [274] and diffusion models [99], and the use of self-supervised objectives that
allow for learning from unlabelled internet data. The term ‘foundation model’ is commonly used to refer to a
large, general-purpose model, pretrained on large diverse data, that can solve wide varieties of downstream tasks
[34].
Large language models (LLMs) are transformer models with billions of parameters [70], pretrained via a

simple next-token prediction objective on huge text datasets scraped from the internet [39, 189]. This pretraining
scheme allows the model to learn a ‘foundation’ of declarative and procedural knowledge. The pretrained LLM
can be finetuned into a more functional product via supervised learning on high-quality curated data and/or
via reinforcement learning from human (or AI) feedback (RLHF) [194, 16]. Meanwhile, image generation has
also benefited from the use of large-scale internet data and from diffusion architectures [218, 24]. Multi-modal
vision-language models (VLMs), trained on large-scale internet data to take both images and text as input, have
progressed visual understanding [9, 193, 263]. We detail video foundation model efforts in Section 4.1.

Scaling Robot Learning. There is a hope that scaling robot learning, in a similar fashion to other domains, may
improve the generality of our robots [195]. However, there are well-known challenges here. Unlike in video

1See Figure 1 for more details regarding the structure of the survey.
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games [229], scaling online reinforcement learning (RL) is not a practical solution for real-world robotics: it
is time-consuming, costly, and dangerous [260]. Meanwhile, offline learning solutions [146, 36] lack suitably
large-scale, high-quality robotic datasets [5]. A number of approaches have been proposed to address these
challenges and scale up robotic datasets:

• Simulated data. The use of simulation is promising for scaling up online learning while avoiding avoiding
difficulties associated with the real-world [336, 127, 190]. However, the use of simulation presents a number
of issues [25]. (1) Inaccuracies in low-level physics create a ‘sim-to-real’ gap [329] that must be overcome.
A partial solution here is to employ domain randomization [266]. (2) Manually creating a suitable diversity
of simulated environments and tasks for generalist robotics is a challenge. Recent works seek to tackle this
using procedural environment generation [62, 262] and foundation-model-assisted environment design
[292, 76, 286]. (3) We often lack a policy to collect high-quality data in the simulation. Solutions here
have included the use of an automated curriculum during RL training [200, 158] and collecting data
using: specialist policies [259], models with access to privileged simulation information [92, 276, 57], or
bootstrapping data collection from human demonstrations [179, 177].

• Real world data. Data collected via human teleoperation [36, 129] and pooled data from multiple academic
labs [195] have been used to train initial robot foundation models [36, 264]. Other works have investigated
methods for automating data collection to improve scalability [35, 5, 304]. Several companies have demon-
strated evidence of infrastructure suitable for large-scale robot data-collection [251, 115]. However, the
largest open-source robot dataset [195] is still significantly smaller and less diverse than internet-scale data
(see Figure 8).

• Internet data. Robot learning has benefited from the use of broad internet data. Image and video data have
been used to pretrain visual representations for robotics [277, 188]. Foundational VLMs and LLMs have been
used to help define reward functions for the robot learner [258, 69, 317, 133]. LLMs have been employed
as high-level planners in long-horizons tasks [6, 112]. Some works have finetuned a standard internet-
pretrained foundation model into a robot foundation model [37, 131]. Others have jointly pretrained on
both internet data and action-labelled robot data [217, 251]. We elaborate on how internet video data has
been used to aid robot learning in Section 4.3.

Other Paths to Generalist Robots. Scaling end-to-end deep learning approaches that train a monolithic ‘founda-
tion’ model is one potential path to general-purpose robot capabilities. Other paths could involve combining
learning with the use of stronger inductive biases, more structure, or classical robotics techniques. These may help
address robotics-specific challenges and potential limitations of scaling end-to-end deep learning (Kumar [139],
Section 6.3). Modular approaches have been proposed which use specialist models for different skills or tasks
[303, 145], or use a hierarchy to separate out high-level planning from low-level control [117, 144, 320]. Learning
has been combined with explicit planning algorithms [182, 111] and environment representation techniques [48,
178, 201]. Structure related to the robot embodiment [282, 236] or the physics of the system [167, 147] can be
leveraged, while some approaches carefully choose and process their observation and action spaces [299, 54]. As
these ‘alternative’ approaches and deep learning are often combined, they can be complementary: advances in
scaling deep learning can benefit alternative approaches, and vice versa (e.g., alternative approaches can collect
data for monolithic deep learning models; Dalal et al. [57]).

Related Surveys. Ravichandar et al. [216] and Gavenski et al. [79] survey imitation learning methods; Prudencio
et al. [207] review offline RLmethods; whileWulfmeier et al. [291] highlight the promise of transferring knowledge
from a source to a target domain in RL. Yang et al. [307] and Hu et al. [107] review the use of foundation models in
decision-making and robotics. Relevant works in the video ML literature have included reviews of self-supervised
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video learning [223], foundation models for video understanding [173], and LLMs for video understanding [261,
324].
Torabi et al. [272] review imitation learning from observational data, while Yang et al. [308] advocate for the

use of video (and video generation) as a unified interface to absorb internet knowledge and represent diverse
tasks. Eze and Crick [75] review video-based learning approaches for robot manipulation. In contrast to this
work, our survey places a stronger focus on approaches that: (i) can scale to large, diverse internet video data,
and (ii) can yield general-purpose robotic capabilities.

Information 

‘Level’

Coverage over ‘Generalist’ Behaviours

Internet Video and Language Data

Robot Data

Missing Info!Low-level robot info:

Forces, proprioception, 

tactile, robot-specific skills

High-level language info:
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abstractions, planning, 
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Mid-level video info:

Visual dynamics, physical 

behaviours, grounding of 

language

Must generalize 

to here!

Missing Low-level Information

Fig. 2. Generalization in the Learning from Videos (LfV) setting. The x-axis indicates the range of behaviours expected
from a generalist robot. The y-axis indicates the ‘levels’ of information contained in data. The figure demonstrates that
internet data has better coverage over desired behaviours than narrow robot datasets, but lacks crucial low-level information
essential to robotics. Generalising beyond the robot data despite this missing low-level information is a key LfV challenge.
See Sections 3.3 and 3.4 for further discussion.

3 Preliminaries
In this section, we introduce useful preliminary concepts related to LfV. First, the reinforcement learning (Section
3.1) and LfV (Section 3.2) settings are formalized. Next, we perform a deeper dive into the potential benefits of
LfV (Section 3.3) and the fundamental challenges that come with learning from videos in robotics (Section 3.4).

3.1 Reinforcement Learning (RL)
Formalism. In reinforcement learning (RL), an agent observes its environment, takes an action, and receives a

reward after the state of the environment changes. This can be formalised as a Markov Decision Process (MDP)
consisting of the state space S, the action space A, and the transition probability 𝑝 (𝑠𝑡+1 |𝑠𝑡 , 𝑎𝑡 ) of reaching state
𝑠𝑡 + 1 from state 𝑠𝑡 when executing action 𝑎𝑡 . The agent’s behaviour is given in terms of a policy 𝜋 (𝑎𝑡 |𝑠𝑡 ). When
aspects of the state cannot be observed, the environment is termed a Partially Observable MDP (POMDP) and
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the agent only has access to observations 𝑜𝑡 ∈ O that are partial mappings of the state 𝑜𝑡 = 𝑓 (𝑠𝑡 ). Unless stated
otherwise, we will use always a POMDP setting.

The agent aims to maximise its sum of discounted future rewards, commonly referred to as its ‘returns’. This is
captured by the objective in Equation 1:

𝐽 (𝜋) = E[𝑝 (𝑠0 ),𝑝 (𝑠𝑡+1 |𝑠𝑡 ,𝑎𝑡 ),𝜋 (𝑎𝑡 |𝑠𝑡 ) ]𝑡=0...𝑇

[ ∞∑︁
𝑡=0

𝛾𝑡𝑟𝑡

]
(1)

where 𝛾 is the discount factor, 𝑟𝑡 = 𝑟 (𝑠𝑡 , 𝑎𝑡 ) is the reward, and 𝜌 (𝑠0) is the initial state distribution. The optimal
policy 𝜋∗ (𝑎𝑡 |𝑠𝑡 ) maximises Equation 1.
In the LfV setting, the POMDP is some real-world environment and 𝜋 (𝑎𝑡 |𝑠𝑡 ) controls a robot within this

environment.

Knowledge Modalities. An RL Knowledge Modality (KM) is some function learned from data that represents
specific types of RL-related knowledge (see the work of Wulfmeier et al. [291] for more details). We make use of
the notion of a KM throughout our paper, including to help define our main taxonomy of LfV methods in Section
4.3. We will commonly refer to the following KMs:

• A policy, 𝜋 (𝑎𝑡 |𝑠𝑡 ) is a mapping from states to actions directly describing the agent’s behaviour.
• A state or state-action value function, 𝑉𝜋 (𝑠𝑡 ) or 𝑄𝜋 (𝑠𝑡 , 𝑎𝑡 ) maps from states or state-action pairs to the
expected future return when acting under a particular policy 𝜋 .

• A dynamics model, 𝑝 (𝑠𝑡+1 |𝑠𝑡 , 𝑎𝑡 ) predicts the next state given the current state and action.
• A reward model, 𝑟 (𝑠𝑡 , 𝑎𝑡 ) predicts the reward provided by the environment for a specific state-action pair.

Transfer Mechanisms. RL KMs can be pretrained on a source MDP or dataset and can then be subsequently
transferred to a target MDP [291]. In the case of LfV, this involves learning a KM from a video dataset and
adapting it to the robot MDP (usually via the use of robot data). We will commonly refer to the following transfer
mechanisms in our paper (see the work of Wulfmeier et al. [291] for more details): Generalisation and zero-shot
transfer involves using a pretrained KM directly in the target setting, without further fine-tuning or adaptation
[74]. We use Fine-tuning and Representation transfer interchangeably in this survey to refer to methods that
train a model in the robot domain that is partially composed of parts of a pretrained KM [188, 174]. Hierarchy:
conditioning involves using a pretrained KM to condition a new KM being trained in the target MDP [227, 278,
288].

3.2 Learning from Videos (LfV): Formalism and Assumptions
Formalism. We assume an LfV method has access to a video dataset 𝐷video. We denote a video clip as 𝜏 =

(𝑜0, 𝑜1, ..., 𝑜𝑇 ), where 𝜏 is the full clip and each 𝑜 is an RGB image observation. Optionally, 𝐷video may come paired
with language annotations or annotations of other modalities. We also assume access to a robot dataset 𝐷robot.
This contains trajectories of transition tuples (𝑜𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑜𝑡+1), where 𝑟𝑡 may be missing, and where each 𝑜 contains
an image observation and may also contain other information (e.g., tactile information). The goal of LfV is to
leverage our combined LfV dataset, 𝐷LfV = {𝐷robot, 𝐷video}, to obtain an improved 𝜋 (𝑎𝑡 |𝑠𝑡 ) versus when learning
from 𝐷robot alone.

LfV in the Generalist Robot Setting. Though 𝐷video may come from any source, in this survey we are interested
in methods that can leverage large-scale video data gathered from the internet. We will generally assume that
such a dataset consists primarily of videos of humans and has broad coverage over many common physical tasks
that humans perform. We assume the robot must perform tasks that, to some extent, seen in 𝐷video.
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We loosely define a ‘generalist’/general-purpose robot as one that can perform a diverse range of every-day
physical human tasks in unstructured real-world settings. Such settings are POMDPs, where the robot must rely
heavily on visual observations. Throughout the survey, unless stated otherwise, we assume the general-purpose
robot has an embodiment and affordances similar to those of a human. We subsequently assume the robot can
execute tasks in a physically similar manner to how a human would.

Under the above assumptions, internet video can be particularly informative to the robot: it provides extensive
information regarding how relevant embodiments can perform relevant tasks and behaviours.

Limitations of these assumptions. First, for certain robot tasks, embodiments very different from that of a
human may prove more effective — e.g., aerial drones [10] or quadrupedal robots [28, 303] that can better
traverse treacherous terrains. Second, 𝐷video may not have good coverage over all the tasks we want the robot
to perform: some important actions and tasks may be underrepresented in the video dataset — e.g., specialized
industrial tasks [273]. Additionally, the robot may need to perform tasks not commonly performed by humans
— e.g., planetary exploration [224]. Nevertheless, even in these cases, internet video can still provide generally
information regarding the world and physical behaviour.

3.3 Benefits of LfV
Robotic datasets are expensive to acquire and thus are currently task-specific or relatively narrow [195]. In
contrast, diverse video data is freely available in vast quantities on the internet. In this section, we outline the
specific benefits we hope to obtain from methods that leverage this video data.

Generalization beyond 𝐷robot. LfV offers the exciting possibility of improved generalization beyond narrow
robot datasets, 𝐷robot, to the full space of tasks covered in the video dataset, 𝐷video [75]. An argument for why
this could be the case is as follows. First, consider a 𝐷robot that has good coverage over the low-level skills or
‘atomic’ actions required from the robot (e.g., specific grasping motions or locomotion skills) [53]. Now consider
a task unseen in 𝐷robot but seen in 𝐷video. Our combined LfV dataset (𝐷LfV = {𝐷robot, 𝐷video}) may contain most
information required to complete the task. 𝐷robot provides information regarding how to execute the low-level
robot skills, whilst the human actions in 𝐷video provides higher-level information regarding how to complete the
overall task (e.g., visual information regarding required movements and steps). Thus, a suitable LfV method may
be capable of leveraging 𝐷video to generalise beyond 𝐷robot and solve the task. There is preliminary evidence of
such generalization in LfV-related literature [37, 67, 289, 278]. Figure 2 explores this generalization setting in
more detail.

Emergent Capabilities. Learning from internet-scale video may yield capabilities qualitatively beyond what can
be obtained when learning only from a narrow𝐷robot. We expect this for two reasons. First, in other domains large
quantities of internet data have allowed for unexpected ‘emergent’ capabilities [212, 39]. Second, diverse internet
video paired with language annotations offers a path towards stitching together the lower-level knowledge
obtained from robot and video data with the rich abstractions and world knowledge that can be obtained from
text data [193].

Improvements in-distribution of 𝐷robot. Finally, we also expect video data to yield improvements in tasks that
are in-distribution of the robot dataset. Utilising a large video dataset can allow for improved data-efficiency
with respect to 𝐷robot [188]. Additionally, LfV approaches may obtain higher absolute task performance (e.g.,
higher success rates) in settings in-distribution of 𝐷robot, versus non-LfV approaches [289].
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Fig. 3. Key challenges in LfV (see Section 3.4) are visualised, including: missing (action and low-level) information in video,
LfV distribution shifts, and the high-dimensional nature of video data.

3.4 Fundamental Challenges
Learning from internet video for robotics comes with some fundamental challenges. These render LfV a non-
trivial problem. Awareness of these challenges is crucial for understanding the motivation behind existing LfV
research (Section 4) and the future promising research directions we highlight (Section 6). Note, none of these
challenges have yet been fully solved.

Missing Action Labels. Raw video data lacks the action labels required by existing imitation [36] and offline RL
[49] methods for learning from demonstrations. Moreover, adding low-level robot-action labels retrospectively
to internet video data is non-trivial (see Section 4.2.1): the unrestricted action space of heterogeneous video
data often cannot map cleanly to the robot action-space [310]. It is also challenging to retrospectively add other
missing RL-relevant metadata to raw video, such as reward labels which can inform on the quality of the data (see
Section 4.3.3), goal labels which can be useful for goal-conditioning (see Section 4.3.4), or end-of-episode labels.

Distribution-shift. There may be significant distributional shifts between an internet video dataset and the
downstream robot domain. This can include differences in physical embodiments, camera viewpoints, tasks, and
environments. Humans in videos may perform behaviours which are sub-optimal or irrelevant to the downstream
robot. Certain useful tasks and behaviours may be underrepresented in internet video (e.g., coverage over specific
factory tasks may be poor). These shifts present a challenge to deep learning methods.

Missing Low-level Information. For certain skillful or dexterous behaviours, robots require low-level percepts
such as tactile sensing, forces, proprioception, or depth sensing. This crucial low-level information is not explicitly
available in internet video. A key challenge in LfV is to obtain generalization beyond 𝐷robot despite the missing
low-level information in 𝐷video (see Figure 2).
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Controllability, Stochasticity, and Partial Observability. In unlabelled video, it can be difficult to disentangle
which parts of a transition are affected (i.e., controlled) by a specific agent’s actions or which are due to the external
environment or noise [104]. This can be problematic for methods that attempt to extract action information from
video (Section 4.2.1). Furthermore, the stochastic nature and partial-observability of the underlying environments
in video can make accurate video prediction a challenge [13].

High-dimensionality, Noise, and Redundancy. Methods that learn from or generate video data are typically
computationally demanding due to the high-dimensional nature of video data. Additionally, video can contain
significant noise and redundant information. These characteristics make it challenging to extract meaningful
information and representations from video data [21].

4 Methods
This section reviews methods for learning from video data for robotics. We first review video foundation models
as a general-purpose means for extracting knowledge from internet video (Section 4.1), noting that advances
in these approaches will directly serve advances in scalable LfV methods. We then review common methods
used to tackle key LfV challenges (Section 4.2). Finally, we move to our primary taxonomy of the LfV literature,
categorizing LfV methods according to which RL knowledge modality benefits from the use of video data (Section
4.3).

4.1 Extracting Foundational Knowledge from Internet Video
Internet video lacks action labels and has various distribution shifts with the robot domain. Given these LfV
challenges (see Section 3.4), a key LfV question is: How to extract robotics-relevant knowledge from large-scale,
heterogenous internet videos? The video foundation model (FM) literature offers potential answers here.

Video FMs are large deep learning models trained on large internet-scraped video datasets. From this data, they
extract general knowledge and capabilities useful in a wide range of downstream settings [173]. This includes
robotics-relevant knowledge related to semantics, physics, and behaviours. As such, video FMs and corresponding
techniques can be highly applicable for the following LfV use-cases (see Figure 4):

• Using pretrained models: A pretrained video FM can be transferred or adapted (e.g., finetuned) for down-
stream robot applications, allowing the robot to leverage its broad world knowledge. For example, a video
prediction model can be adapted into a robot dynamics model [306].

• Using techniques and datasets: Techniques and datasets originally used for video FMs can be customized for
robotics purposes. For example, a robot FM can be trained on both video and robot data, using techniques
inspired by video FMs [251]. These techniques can allow LfV to better extract representations and knowledge
from internet video, thus improving the generality of the robot.

The promise of these video FM use-cases is backed up by prior work demonstrating that text and image FMs
can benefit robotics. Scalable architectures transferred from these other domains have allowed robot techniques
to better fit large, diverse robot data [36, 264]. Knowledge and representations from text and image FMs have
been transferred to the robot domain to improve capabilities, generalization, and common-sense [6, 37, 131]. The
use of video FMs may lead to further improvements due to the unique robotics-relevant information video data
can offer.
Video foundation models and techniques will likely be key driver to the success of scalable LfV approaches.

As such, this section provides LfV researchers with essential information regarding potential use-cases and the
lower-level workings of these techniques. We loosely categorise the video foundation model literature into: video
encoding methods (Section 4.1.1); video prediction methods (Section 4.1.2); and video-to-text generation methods
(Section 4.1.3).
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Fig. 4. Video Foundation Modelling for LfV (see Section 4.1). The top green box outlines different categories of video
foundation models and their applications to robotics. The bottom blue boxes illustrate ways video foundation models can
contribute to LfV: (left) pretrained video foundation models can be finetuned into robot foundation models; (right) video
foundation model techniques and datasets can be used to train robot foundation models.

4.1.1 Video Encoders. Foundational video encoders (𝑝 (𝑧 |𝜏), where 𝑧 is a representation and 𝜏 is a video clip) can
provide rich and robust video representations for downstream robotic applications. Specifically, they can useful
as follows:

• Representations: LfV representation transfer approaches take a pretrained video encoder and finetune it
into an RL KM (e.g., into a policy, see Section 4.3.1).

• Rewards: LfV approaches have used frozen pretrained video representations to help define robot reward
functions [77, 253, 188] (see Section 4.3.3).

Methods. We now provide a general overview of representation learning from video, before providing more
details on state-of-the-art (SOTA) approaches:

• Overview of video representation learning. Let 𝑋 be a video clip 𝑋 paired with some corresponding labels
and data modalities. Most methods for learning video encoders can be framed as first deriving a ‘label’ 𝑌
from 𝑋 and then using 𝑌 to define a learning objective. 𝑌 could be some transform of the video 𝑋 itself
(e.g., a masked version of the video, see Wang et al. [280]). Otherwise, 𝑌 could be derived from additional
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information paired with the video such as: labels (e.g., object masks and bounding boxes, see Ding et al.
[64]); meta-data [223]; or corresponding data of another modality (e.g., language annotations, see Grauman
et al. [87]). Once 𝑌 is obtained, there are a number of ways it can be used. Prediction objectives predict 𝑌
from 𝑋 . For example, predicting the next frame from the previous frame (i.e., video prediction) [78, 116].
Joint-embedding approaches first embed𝑋 and 𝑌 before calculating the loss [192, 297, 21]. Here, contrastive
learning approaches have been heavily explored [223].

• SOTA Approaches. The literature has proposed a number of approaches for learning rich spatio-temporal
representations from video in a scalable manner. Video-text losses leverage text annotations to learn
semantic representations from video. This can include: video-text contrastive losses [297, 327, 196, 153, 284],
video-text matching [153], masked language modelling [153], and video-to-text losses [301, 196]. Auto-
encoding approaches have also proven popular. State-of-the-art methods have used masked auto-encoding
(MAE) [269, 280, 83] and vector-quantized auto-encoding (VQ-AE) [233, 302, 313, 275, 40]. A number of
works have explored the use of student-teacher distillation losses [281, 327, 153]. Joint-embedding prediction
architectures (JEPA) have been proposed to mitigate issues related to video’s high-dimensionality and noise
in video [21].

4.1.2 Video PredictionModels. This section is primarily concernedwithmodels that can perform next-frame video
prediction: 𝑝 (𝑜𝑡+1 |𝑜𝑡−𝑘 :𝑡 ). Also relevant are models that can more generally perform some form of conditional
video generation: 𝑝 (𝜏 |𝑐) (where 𝜏 is a video clip and 𝑐 is some conditioning information) [308]. Via training on
internet video, such models can learn information regarding the world dynamics and human behaviours. They
can thus be useful for downstream robotic applications in the following ways:

• Dynamics: A video prediction model can be adapted into a robot dynamics model 𝑝 (𝑜𝑡+1 |𝑜𝑡−𝑘 :𝑡 , 𝑎𝑡 ) to serve
as a planner [68] or simulator [306] (see Section 4.3.2).

• Policies: The video prediction objective implicitly models the distribution of behaviours in the video dataset
[74]. As such, video prediction models can act as policies by generating ‘observations-as-actions’, videos of
future behaviours the robot should execute [67] (see Section 4.3.1).

• Representations: Due to the relevant information they represent, video predictors can be used for LfV
representation transfer approaches [289].

• Rewards: Finally, a reward signal can be defined that encourages the robot to match the behaviour expected
by the video predictor [74] (see Section 4.3.3).

Methods. Diffusion models, autoregressive transformers, and masking transformers have proven to be particu-
larly effective and scalable architectures in recent years.

• Diffusion models can easily model continuous output spaces and can sample multiple frames in parallel.
However, their sampling speeds can be slow and long video generation remains a challenge [308]. Computa-
tional efficiency can be aided by performing the diffusion process in a learned latent space [38, 20, 33] rather
than in pixel space [100, 247, 101]. Many diffusion video prediction models augment their training data by
making use of image data (which can come in higher quality and quantity than video data) [100, 101, 20,
81, 32, 56]. The diffusion video prediction pipeline can often involve several intermediate steps, including:
key-frame generation, interpolation between key-frames, and spatial super-resolution upsampling [101, 81,
332]. However, Bar-Tal et al. [20] generate the entire temporal duration in a single forward pass, obtaining
improved global temporal consistency.

• Autoregressive and masking transformers tend to make predictions in a learned latent-space [302, 312,
80, 136]. Predicting in latent space can improve computational efficiency and can mitigate issues related
to pixel-level noise and redundancy [302]. The latent space is generally pretrained via vector-quantized
auto-encoding (VQ-AE), providing a discrete token-space suitable for the transformer architecture. Versus
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autoregressive methods [302, 105, 40], masking transformers train the model to decode masked tokens in
parallel [313, 317, 91]. This is usually achieved via the use of MaskGIT decoding [44]. Masked models are
more computationally efficient and do not suffer from the ‘drifting’ effect that can occur in auto-regressive
models [308].

• Conditioning information can simplify the video prediction problem and allow for more control over
generated videos. Such conditioning is valuable for downstream robotics: it can allow us to simulate the
effects of different ‘action’ strategies. Yang et al. [308] outline various popular conditioning schemes for
video generation models 𝑝 (𝜏 |𝑐). In particular, language conditioning can allow for flexible and intuitive
control over generated video, at varying levels of detail [38, 20, 136]. Amongst other possibilities, video
generation can also be conditioned on future images (i.e, video in-filling, see Höppe et al. [102]) or on action
representations [40]. We outline various action representations that may be suitable here in Section 4.2.1.

4.1.3 Video-to-Text Models. This section details to models with video-to-text capabilities, 𝑝 (text|𝜏). A capable
video-to-text model can perform, for example, video question-answering or video summarization. Such a video-
to-text foundation model could be valuable to robotics in the following ways.

• High-quality representations: A capable video-to-text model will have robust, high-quality video repre-
sentations. Compared to a video-only model, it will have improved high-level semantic representations.
Compared to an image-to-text model, it will have improved temporal-dynamic representations. Robotics
can bootstrap from such models via representation transfer [37], or by adding robot data directly into the
model’s pretraining corpus [217].

• Grounded reasoning and planning: LLMs have proven useful as planning modules in robotics [6], but
their lack of grounding in the physical world is limiting. In contrast, video-to-text models can perceive
the environment through information-rich video, allowing for improved and closed-loop reasoning and
planning.

• Annotating robot data: High-quality language annotations can provide valuable conditioning information
in many ML domains [24, 38]. Robotics is no different [264]. Capable video-to-text models could serve as
useful language annotators for robotic datasets [31].

• Rewards: A sufficiently capable video-to-text model can provide reward or value estimates for a robot
learner. For example, this could be achieved through a visual-question answering framework [69], or via an
RL-from-AI-feedback framework [133] (see Section 4.3.3).

Methods. We now give an overview of existing video-to-text methods and models. We note that research here
is somewhat preliminary: low-quality video captions and the difficulties of the video modality means progress
lags behind foundation models in other domains.

• Compositional approaches have often been used to obtain video-to-text pipelines [51, 240, 323, 155]. For
example, Chen et al. [51] use an image-language model to answer questions about individual video frames,
and an LLM to synthesize this information to produce a global summary. However, the lack of end-to-end
video training in compositional approaches mean they can lack rich, nuanced video representations.

• Leveraging pretrained LLMs via adaptors and finetuning. Approaches here typically first obtain a pretrained
LLM and an (often) pretrained video encoder, and then define an adaptor module to channel information
from the video encoder output into the LLM [160, 172, 325, 196]. Once the new video-to-text architecture
is defined, a common training scheme is: (i) convert large, diverse video-text data into token sequences
and perform next-token-prediction pretraining, then (ii) perform supervised instruction-tuning on small,
high-quality instruction datasets [160, 325]. Following trends in LLMs, future work could investigate a
third RLHF finetuning stage [128]. During training, the LLM and video encoder may be finetuned [160], or
kept frozen [172].
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• Natively multi-modal models. Previously discussed methods have involved combining and finetuning models
not initially intended for video-to-text purposes. Recent multi-modal any-to-any sequence models—where
video-to-text is formulated as an interleaved video and text sequence modelling problem—represent a step
towards more natively multi-modal models. Liu et al. [163], Team et al. [263], and Jin et al. [119] all train
multi-modal any-to-any (or any-to-text) autoregressive transformers via next token prediction.

4.1.4 Challenges. Scaling datasets and model sizes has recently led to impressive advances in video ML [327, 306,
285]. Most notably, the recent Sora model [306] demonstrated significant improvements in video prediction visual
quality, physical realism, and generation lengths. However, there are still major limitations in the capabilities of
current video foundation models. Models can hallucinate, and can struggle with spatial relationships, fine-grained
spatio-temporal details, and long-term understandings and generation [160, 172, 306].
One bottleneck to further progress here is the quality (and quantity) of available video-data (see Section 5.1).

In particular, improved annotations with precise low-level details will enhance robotics-relevant fine-grained
understandings. The computational demands of processing high-dimensional and long video data present is
another challenge. Improved model architectures can help here [308]. For example, progress in long video
understanding will be aided by efficient architectures for handling longer contexts [164, 88, 19]. Other directions
to improve video foundation models include using RL finetuning to address hallucination issues [29], and
leveraging 3D information to improve the physical realism of video generations [331]. Improved methods for
fine-grained, single-step conditioning of video predictions will be relevant to robotics [40]. Finally, we advocate
for progress in open-sourced foundational video prediction models: open-sourced models make LfV research
more accessible to the wider community.

4.2 Video-to-Robot Transfer: Addressing Missing Action Labels and Distribution Shift
The fundamental challenges associated with LfV are outlined in Section 3.4. In this section, we detail two
categories of techniques that each address a fundamental challenge: (1) The use of action representations to
mitigate missing action labels in video data (Section 4.2.1). (2) The use of representations designed to explicitly
address LfV distribution-shift issues (Section 4.2.2). These techniques are often used as a single component within
a larger LfV pipeline. We thus describe these technique in isolation here, in advance of our main analysis of the
LfV literature in Section 4.3.

4.2.1 Action Representations. Video data transition tuples are missing action labels: they come in the form of
(𝑜𝑡 , 𝑜𝑡+1). In this section, we review works that define or learn some representation space that is analogous to the
notion of an action; an alternative action representation. We use 𝑎 ∈ Â to denote a single alternative-action and
its underlying alternative-action space. With Â, video data can be relabelled from (𝑜𝑡 , 𝑜𝑡+1) to (𝑜𝑡 , 𝑎𝑡 , 𝑜𝑡+1) and
used to train an ‘alternative-action’ version of an RL KM (see Figure 5a). Alternative-action policies 𝜋alt (𝑎𝑡 |𝑜𝑡 )
[227], dynamics models 𝑝alt (𝑜𝑡+1 |𝑎𝑡 , 𝑜𝑡 ) [40], and value functions𝑄alt (𝑜𝑡 , 𝑎𝑡 ) [27] have all been previously trained.
These alternative-action KMs can be useful downstream if a mapping to the robot action-space, 𝑓 : A → Â, is
obtained [278, 288, 67]. Otherwise, their representations can prove highly useful [27, 227].
There are a number of characteristics we desire from our action representations Â:

• Â should be inferable from video data. Action representations that can be obtained from raw, unlabelled
video are appealing as they can leverage the full range of available video data. However, Â’s that require
labelled video (e.g., language captions) are also valid.

• Â should contain ‘action’ information.We can operationalize this in two ways. First, Â should be predictive
of future video frames: learning 𝑝alt (𝑜𝑡+1 |𝑎𝑡 , 𝑜𝑡 ) should be easier than 𝑝 (𝑜𝑡+1 |𝑜𝑡 ). Second, Â should be
predictive of robot actions: learning 𝜋 (𝑎𝑡 |𝑎𝑡 , 𝑜𝑡 ) should be easier than 𝜋 (𝑎𝑡 |𝑜𝑡 ).
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• Â should be transferable across embodiments. It should capture a high-level, general notion of an action,
and transfer from the embodiments in the video data (i.e., humans) to the target robot embodiment(s).

• Â should be well-structured. It may be beneficial for Â to contain minimal information, to be well disentan-
gled, and to maintain consistent meaning across the state space. This can allow 𝜋 (𝑎𝑡 |𝑜𝑡 ) and 𝜋 (𝑎𝑡 |𝑎𝑡 , 𝑜𝑡 ) to
be learned in a more data-efficient and generalizable manner [221, 40].

We now outline the main categories of Â we have identified in the literature (see Figure 5b). We focus on
detailing how Â can be defined and learned from video data. More details on how Â can be used downstream
for robotics are found throughout Section 4.3.

Single-step Latent Actions. Here, we consider learned representations where 𝑎𝑡 (i.e., the latent action) only
contains information regarding the action that took us from 𝑜𝑡 to 𝑜𝑡+1. Such a latent representation is commonly
learned using a next-observation prediction objective 𝑝 (𝑜𝑡+1 |𝑎𝑡 , 𝑜𝑡 ), such that 𝑎𝑡 is informative for the predictions
of a forward dynamics model (FDM) [72, 221, 227, 40, 310]. A trainable (latent) inverse dynamics model (IDM)
can be used to encode past-frames and infer 𝑎𝑡 [221, 40]. Here, some form of regularisation, such as a vector-
quantization bottleneck [227, 40], can be employed to prevent the IDM from copying the entire observation 𝑜𝑡+1
into the latent action.

We note some potential limitations of these approaches. First, these latent actions model all visual changes that
occur in a video. Ideally, 𝑎𝑡 would only represent changes due to actions taken by a single agent. Second, as these
approaches model environment transitions on a visual level, thus they may omit important non-visual low-level
information (such as forces). We finally note that more research into learning single-step latent action-spaces
from realistic internet video is required.

Multi-step Latent Actions. This refers to learned action representations, 𝑎, that contain information regarding
the actions taken across multiple time-steps of a video (i.e., from 𝑜𝑡 to 𝑜𝑡+𝑘 ). Any means of representing video
segments could be applicable here, including the video representation methods seen in Section 4.1.1. Here, we
only detail methods used directly in the LfV literature. Building upon the ‘latent plans’ literature [168, 55, 220],
Wang et al. [278] learn latent plan representations from action-free videos via variational auto-encoding. However,
they use 3D human hand trajectories as the decoder target (rather than raw video). Fan et al. [77], Lifshitz et al.
[159], and Sontakke et al. [253] use video-language contrastive losses on language-captioned video. Chane-Sane
et al. [43] and Chen et al. [50] perform supervised contrastive learning on video labelled with the action being
performed. Xu et al. [298] use a self-supervised learning clustering approach to learn video representations.
Further approaches for learning multi-step latent actions are seen in the works of Tomar et al. [268], Pertsch et al.
[204], and Cai et al. [42].

Observations-as-action. Future observations (or an encoding thereof) provide information regarding what
actions will be taken next in a video. Thus, they can be used as action representations. Observations-as-actions
can be implemented on varying time-horizons, as we now describe. (1) Next-observation-as-action: These methods
use the next observation 𝑜𝑡+1 as the 𝑎𝑡 label [67, 265, 95]. 𝑜𝑡+1 provides clear information regarding the action
that should be taken at 𝑜𝑡 . (2) Observations-as-subgoals: A subgoal can be thought of as a high-level action. In
‘observations-as-subgoals’ methods [30, 199, 27], an observation (or embedding thereof) from 𝑘 time-steps into
the future is used as a sub-goal / action representation. Some simple strategies for defining sub-goals in the video
data include: choosing a fixed time-horizon 𝑘 [30, 67], or randomly sampling observations beyond the current
timestep [27]. More complex strategies include using key-frame identification to identify bottleneck states in
video [205, 165].

Language-as-action. Natural language can be used as a flexible, high-level action-space (e.g., 𝑎𝑡 = “pick up
the cube") [23, 244, 293], and can allow for interfacing with other language models [68]. Some video datasets
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come with language-action annotations [87]. Otherwise, standard annotations can be further processed (e.g.,
using LLMs) [185]. If the video does not come with any language annotations, manual or automated captioning
methods can be used (see Section 5.1.2). One downside here is that language is coarse and may omit important
lower-level action information.

Visual Motion Information. Other works have used visual motion information in video to define Â. Wen et al.
[288] use 2D point trajectories, obtained by tracking points on objects throughout the video via an off-the shelf
point tracker [124]. Yuan et al. [318] similarly use 3D point trajectories obtained from 3D annotated datasets.
Elsewhere, Ko et al. [134] use an off-the-shelf model [296] to predict optical flow, giving a pixel-level dense
correspondence map between two frames. Nasiriany et al. [191] represent actions via visual arrows in images.
Finally, Wang et al. [279] use structure-from-motion [228] to recover action information, Yuan et al. [319] use the
motions of object-centric representations, and Yang et al. [306] optionally use camera frame motion information
as conditioning information for a video predictor.

(Human)-embodiment Information. Off-the-shelf human-hand detection models [219, 239] can extract hand
poses or affordances from videos which can act as an action representation [26, 15, 243, 210, 211]. For example,
𝑎𝑡 can be defined as the pose that should be reached at time 𝑡 + 1. Bharadhwaj et al. [26] use object masks in
addition to human poses to define Â. Animal embodiment information could also be used [202]. More details on
methods for detecting human hand poses and affordances from video are provided in Section 4.2.2.

IDM Pseudo-action Labels. Though not technically an alternative action representation, these methods train an
inverse dynamics model 𝑝−1 (𝑎𝑡 |𝑜𝑡 , 𝑜𝑡+1) on action-labelled robot data, and use it to provide pseudo-action labels
for action-free video data [18, 270, 225]. However, these approaches are unlikely to scale to diverse internet video
as they require either: (i) minimal domain-shift between the video data and the robot domain (e.g., Baker et al.
[18] assume identical embodiments), or (ii) an explicit mechanism to deal with domain-shift that may not scale
well to diverse internet video [225, 130] (see Section 4.2.2).

Discussion. We now discuss key considerations regarding the feasibility and utility of alternative action
representations for LfV, and possible directions for future work:

• Can Â be easily obtained from internet video? Observations-as-action can be obtained from any raw video
and can (in theory) leverage the full range of available video data. Single-step latent actions, and (some)
multi-step latent actions can also be obtained from raw video, but an additional learning step (that may
face optimisation difficulties) is required. Language-as-action, visual motion information, and (human)-
embodiment information all require labelled video. Nevertheless, often off-the-shelf models can provide
labels, and curated video datasets often come paired with language annotations (see Section 5.1.3). Visual
motion information and (human)-embodiment information approaches may require higher degrees of
structure in the video (e.g., a relatively fixed frame); it is unclear how sensible these representations will be
when applied to heterogenous internet video data.

• Once obtained, how useful is Â? The information content of a given Â will determine how useful it will
be. A longer-horizon or more high-level Â (e.g., language-as-actions) may ultimately aid downstream
performances in long-horizon tasks. However, shorter-horizon Â’s with more low-level information may
be more informative for decoding 𝑎𝑡 from 𝑎𝑡 . Note, video-based actions representations will not usually
contain all information required to accurately decode the exact low-level robot action. As such, in practice,
any decoder may need to be defined as 𝜋 (𝑎𝑡 |𝑎𝑡 , 𝑜𝑡 ) rather than 𝜋 (𝑎𝑡 |𝑎𝑡 ).

• Future directions. There is no work comprehensively comparing the utility of different action representations
for LfV. We advocate for empirical research to help answer the questions we have posed above in the two
paragraphs above.
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4.2.2 Representations to Address LfV Distribution-Shift. Distribution shift between internet video and the target
robot domain poses a challenge to LfV approaches (see Section 3.4). Such distribution shifts can hinder our
ability to transfer knowledge from the video data to the robot. A line of LfV research has attempted to overcome
these issues by explicitly designing representations of (human) video that are more transferable to the robot
domain. Once the transferable representation is obtained, works have most commonly used it to: (i) define a
reward function encouraging the robot to match the behaviour in the video [321], or (ii) to help train a policy via
behaviour cloning of the represented video [26].
In this section, we focus solely on describing methods for obtaining representations that explicitly address

LfV distribution-shift. Details regarding how the obtained representation can be used downstream to aid robot
learning are found throughout Section 4.3.

Method: (Human)-embodiment-aware Approaches. In LfV, we are most often interested in learning from human
behaviour; in particular in replicating the effects of the human hand. There is a line of LfV research that explicitly
detects human-embodiment information in video, and subsequently transfers this information to the robot. Note,
animal embodiment information can also be used [202].

• What types of human-embodiment information can be detected? (1) Poses: Several works explicitly estimate
the pose of the human body or hand in videos [243, 248, 151]. This involves estimating the positions and
orientations of various joints or key points on the body via off-the-shelf models. Once a human-hand
pose is detected, it may need to be retargeted to the robot embodiment. This can be achieved by directly
optimising a loss function at inference [243], or by training a retargeting network to minimise a retargeting
loss function [248]. (2) Affordances: A common affordance seen in the LfV literature is the combined use of
grasp points and grasp trajectories [15, 180] – this abstraction transfers naturally from human to robot
embodiment. This affordance information can be extracted from videos using an off-the-shelf model [239],
and using further tricks to ensure accurate, usable affordance labels [15]. Note, 2D affordances can be
converted to 3D using depth estimation [180]. (3) Masks and Bounding boxes: Masks or bounding boxes of
human hands and objects can be used [26]. These can be obtained from videos using off-the shelf models
[132, 326, 151] or via labelled datasets [60].

• How to use this human embodiment-centric information? A video dataset labelled with the human-centric
information described above can allow for one of the following to be performed: (1) The original process for
extracting the human-centric information from the video/image can be distilled into a single model [180].
This can be useful when the original method is convoluted or unlikely to generalize. This process may
also be a good auxiliary representation learning objective for robot manipulation [15]. (2) The extracted
embodiment information can be treated as an ‘alternative action representation’ [26, 15, 243, 210, 211] (see
Section 4.2.1), or as a state-observation when retargeted to the robot embodiment [214].

• Limitations. There can still be difficulties transferring this human-embodiment information to the robot. For
example, a model trained to propose future poses solely on human images is unlikely to generalise zero-shot
to robot images. This has led to tricks being used in the LfV literature, such as predicting affordances only
when the embodiment is out of frame [15], or in-painting human embodiments over robot embodiments
[26].

Method: Learned Invariant Representations. These are methods that learn a representation that is invariant to a
specific distribution shift between the video dataset and robot domain.

• Approaches. (1) Domain confusion techniques can learn representations that are invariant across viewpoints
[254] and embodiments [225]. (2) Contrastive learning and related techniques can encourage invariance
across a particular axis; such as viewpoints [234] and visual changes [12]. (3) Temporal cycle-consistency
objectives can learn embodiment invariant representations Zakka et al. [321]. (4) Factorized representations
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learn one representation that is common across the video and robot distributions, and one that is unique to
each distribution [226, 241]. Similarly, Chang et al. [47] use embodiment segmentation and in-painting
removal to obtain explicit factorized representations of the agent and environment. (5) Image translation
methods can convert an image from the source distribution (e.g., human embodiment) to the target (e.g.,
robot embodiment) [250, 14, 26, 154].

• Limitations. (1) Invariant representations can omit useful information, such as important differences between
human and robot embodiments. (2) These methods can have overly strict requirements on the video data.
For example, Sermanet et al. [234] assume access to multiple videos of the same scene but from different
viewpoints. (3) Many of these methods only provide invariance to a single type of distribution shift (e.g.,
embodiment differences only). In reality, there may be many distinct shifts between any given video and
the robot’s setting.

Method: Transferable Abstractions. Somemethods exploit abstractions that naturally transfer well from human to
robot. This includes: object-centric graphical representations [245, 140]; object-centric activity-context priors [186];
key-points in video [126, 295]; and embodiment-agnostic affordances [15, 180]. These methods all respectively
benefit from the use of off-the-shelf object, key-point, and human-hand detectors. Language has also been used
as a transferable abstraction [50, 185, 204].

Discussion. These methods highlight the trade-off that must be made between: (i) imposing structure and
inductive biases to improve performance in narrow settings, and (ii) opting for end-to-end learning methods that
are more scalable, but are less effective in the small data regime and narrow settings. The central focus of this
survey is on scaling to diverse internet data in order to tackle unstructured environments with generalist robots.
As such, we advocate for methods following the spirit of (ii). Through this lens, we regard some of the methods
in this section to be less promising, and have commented on their limitations above.

4.3 Robot Learning and Reinforcement Learning from Video
This section presents our main analysis of the LfV literature. We taxonomize this literature according to which
downstream RL knowledge modality (KM) most directly benefits from the use of video data by the LfV method
(see Figure 6). The KMs we consider here are: policies (Section 4.3.1), dynamics models (Section 4.3.2), reward
functions (Section 4.3.3), and value functions (Section 4.3.4). For brief descriptions of each of these KMs, we refer
the reader back to Section 3.1.

4.3.1 Policies. Ultimately, the goal of LfV is to use 𝐷video to help obtain a policy 𝜋 (𝑎𝑡 |𝑜𝑡 ). In this section, we
detail literature where 𝜋 is the RL KM that most directly benefits from the use of video data. We first identify and
detail several distinct categories of methods (see Figure 7), before moving to a brief discussion.

Method: Representation Transfer. These methods pretrain visual representations on video data using some
learning objective. Subsequently, the representations are transferred (either frozen or to be finetuned) to aid
downstream learning of a policy. Figure 7 visualizes this process. There have been several large-scale analyses of
representation transfer from video data [120, 246, 328, 41, 108, 174].
A number of learning objectives have been explored in the literature. This includes: frame-level objectives

such as masked-autoencoding (MAE) [213], contrastive learning [52, 120], and others [328]; time-contrastive
learning objectives [171, 170, 188]; video prediction objectives [289, 95, 116]; temporal-difference learning [27];
predicting affordances from videos [15]; predicting latent actions [227]; and objectives that leverage language
labels, such as image-language contrastive learning [170], video-language alignment [188] and video captioning
[125]. Works have often combined multiple objectives [188, 170, 125].
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Application to RL KMs Overview
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Video Data

Robot 

Data
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Fig. 6. Leveraging video to benefit RL and robot learning (Section 4.3). We categorise the LfV literature according to
which Reinforcement Learning (RL) Knowledge Modality (KM) benefits from the use of video data, resulting in the taxonomy
illustrated in the above figure.

The use of video data relevant to the robot is important [120]. Nair et al. [188], Ma et al. [170], Karamcheti
et al. [125], and Majumdar et al. [174] leverage ego-centric human and/or navigation video. Radosavovic et al.
[213] leverage third-person video of humans interacting with objects [239, 181]. Others have leveraged videos of
robots [61], or first-person videos of humans operating robot-like grippers [237]. Combining datasets to improve
data diversity has proven beneficial [174, 61, 213].

Method: Multi-modal Models. These methods train a monolithic model jointly on video and robot data. Reed
et al. [217] train a sequence model on multi-modal data, including image, text, and robot data, but do not use
video data. Radosavovic et al. [214] train a sequence model for locomotion on both action-labelled robot data
and action-free pose trajectories extracted from YouTube videos. Sohn et al. [251] present an 8 billion parameter
any-to-any transformer trained on text, images, videos, and robot perceptions and actions (but experimental
details are not published). These recent methods may obtain positive transfer by learning from different modalities
of data, and are promising due to their simplicity and scalability.

Method: Alternative-action Policies 𝜋alt (𝑎𝑡 |𝑜𝑡 ). In Section 4.2.1, we outlined different alternative-action repre-
sentations Â. Here, we detail methods that use such representations to train a policy 𝜋alt (𝑎𝑡 |𝑜𝑡 ) from video data.
Such a pretrained 𝜋alt (𝑎𝑡 |𝑜𝑡 ) can be useful for representation transfer, or to condition a decoder 𝜋 (𝑎𝑡 |𝑎𝑡 , 𝑜𝑡 ) (see
the following paragraph [227]).
Works have trained a 𝜋alt (𝑎𝑡 |𝑜𝑡 ) using: single-step latent actions [72, 227, 40]; multi-step latent actions [278,

204]; language-actions [7, 306, 68, 185]; observations-as-action, including next-observation-as-action policies
[67, 265, 95] and sub-goal policies [30, 199]; visual motion information [288, 318]; and human-embodiment
information [15, 243, 210, 211, 203, 26].

A common training process involves assuming the video data contains relatively expert behaviour, labelling the
video data with the alternative-action, and training 𝜋alt (𝑎 |𝑜) using a supervised behaviour cloning objective [227,
40, 278, 68, 30, 288, 26]. When the behaviour in the data is suboptimal, language [68, 288] or goal-conditioning
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[278] can be beneficial. Offline RL is another option when the data is suboptimal (though this is currently
underexplored).

To obtain language-as-action policies, Yang et al. [306], Du et al. [68], and Mu et al. [185] supervised finetune
internet-pretrained VLMs or LLMs. Black et al. [30] supervised finetune an image-editing diffusion model to edit
the current observation into a subgoal image.

Method: Alternative-action Decoders 𝜋 (𝑎𝑡 |𝑎𝑡 , 𝑜𝑡 ). Several works train a low-level robot policy 𝜋 (𝑎𝑡 |𝑎𝑡 , 𝑜𝑡 )
that decodes 𝑎𝑡 to 𝑎𝑡 . This decoder can be useful when 𝑎𝑡 is: (1) obtained from a 𝜋alt (𝑎𝑡 |𝑜𝑡 ) – i.e., hierarchical
conditioning via 𝜋alt (𝑎𝑡 |𝑜𝑡 ) [227, 67, 288]; or (2) 𝑎𝑡 is a video instruction, usually a representation of a human
demonstration video – i.e., video-as-instructions [43, 42, 159, 298]. The decoding policy 𝜋 (𝑎𝑡 |𝑎𝑡 , 𝑜𝑡 ) can either be
learned with data, or can be manually crafted.

• Learning the decoder: The 𝐷robot can be labelled with alternative actions to give tuples of the form
(𝑜𝑡 , 𝑎𝑡 , 𝑎𝑡 , 𝑜𝑡+1), and the decoder can be trained via supervised learning on these tuples. This has been done
with single-step latent actions [227, 40], multi-step latent actions [278], point-trajectory latent actions [288],
next-observation-as-actions [67] and sub-goals-as-actions [30]. 𝜋 (𝑎𝑡 |𝑎𝑡 , 𝑜𝑡 ) can also be trained via online
RL with the compositional policy, 𝜋 (𝑎𝑡 |𝜋alt (𝑎𝑡 |𝑜𝑡 ), 𝑜𝑡 ), being trained end-to-end (as opposed to keeping 𝜋alt
frozen) [227]. Jain et al. [114] end-to-end learn a mapping from human demonstrations to robot actions,
but require a dataset of human video demonstrations paired with equivalent robot trajectories.

• Manually defining the decoder : Ko et al. [134] infer low-level robot actions from optical flow, Yuan et al.
[318] infer actions from 3D flow predictions, while Nasiriany et al. [191] map from robot action to visual
arrows and back. Other works have retargeted human-hand pose actions to robot poses [211, 248].

Method: Policy-as-video. These methods are a distinct sub-section of the alternative-action methods mentioned
above. They use observations-as-actions in a ‘hierarchical conditioning via 𝜋alt (𝑎𝑡 |𝑜𝑡 )’ scheme. A common
approach here involves using a language-conditioned video predictor to generate plausible video trajectories that
complete a language-specified task, before decoding actions from the generated video via an action-decoding
inverse-dynamics model (IDM) 𝑝−1 (𝑎𝑡 |𝑜𝑡 , 𝑜𝑡+1) trained on 𝐷robot [67]. To improve upon this scheme: Ajay et al.
[7] enforce compositional consistency between LLM plans, video generations, and the IDM actions; and Du et al.
[68] improve action decoding model via the use of goal-conditioned behaviour-cloning.

Method: IDM Pseudo-actions. These methods train an IDM 𝑝−1 (𝑎𝑡 |𝑜𝑡 , 𝑜𝑡+1) on action-labelled robot data and
use it to label video data with pseudo-actions. The pseudo-labelled video data can then be used to help train a
policy 𝜋 (𝑎 |𝑜) [18]. However, as mentioned in Section 4.2.1, naive IDM pseudo-action approaches are unlikely to
scale to diverse internet videos.

Discussion. Learning policies from videos has shown potential. Though it comes with some cons as well as
pros, there are several promising directions for future research.

• Performance gains: The methods above have contributed to improvements in task-success rates [213, 188,
197], robot data efficiency [188, 227, 311], and generalization beyond 𝐷robot [67, 278, 30, 265, 328, 161].
Nevertheless, this has often been in toy (non-generalist) settings or with toy datasets [227, 288, 265]. Gains
when using diverse human video datasets have often been more modest [67, 243, 30].

• Pros and cons: A robot policy is ultimately what we want, and initial results suggest this is a highly promising
KM to target. However, there are some disadvantages to note. Policies must output low-level actions and so
the missing low-level information in video will present a challenge. Additionally, policies prefer expert
data, but the behaviours in internet video may often be diverse and non-expert.

• Future directions: Jointly pretraining multi-modal foundation models on both video and robot data is still
underexplored. Representation transfer approaches may be further improved by: training encoders that fuse
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spatio-temporal information (rather than embedding individual images separately); using representations
from video foundation models (see Section 4.1); or training on larger internet datasets (see Section 5.1.3).
Methods that leverage representations Â will be limited by the scalability of their Â (as discussed in
Section 4.2.1). An open question is whether Â’s are best utilised explicitly in a hierarchical setup, or if

(b) Multi-Modal Models

(c) Alternative-action Policy and Decoder (d) Policy-as-Video
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Video Data

Image tokens
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Fig. 7. Learning policies from video (Section 4.3.1). (a) Representations can be pretrained from video data and used
downstream whilst training a policy on robot data. (b) Models can be trained jointly on video and robot data to predict robot
actions. (c) A 𝜋𝑎𝑙𝑡 can be trained on video data to output an action representation (see Section 4.2.1) which conditions an
action-decoding 𝜋 trained on robot data. (d) Policy-as-video is an specific instantiation of this hierarchical setup where the
action representation is a video and the decoder is (often) an inverse dynamics model (IDM).
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they are most useful for representation transfer. In hierarchical setups, where the policy is defined as
𝜋 (𝑎𝑡 |𝜋alt (𝑎𝑡 |𝑜𝑡 ), 𝑜𝑡 ), we should explore the extent to which either 𝜋alt or 𝜋 is the performance bottleneck.

4.3.2 Dynamics Models. Video prediction models, 𝑝 (𝑜𝑡+1 |𝑜𝑡 ), capture temporal dynamics information – infor-
mation about the dynamics and physics of the world. A line of LfV research has sought to use video prediction
objectives on a 𝐷video to aid the learning of a robot dynamics model 𝑝 (𝑜𝑡+1 |𝑜𝑡 , 𝑎𝑡 ). This can involve pretraining
𝑝 (𝑜𝑡+1 |𝑜𝑡 ) on 𝐷video and adapting it into 𝑝 (𝑜𝑡+1 |𝑜𝑡 , 𝑎𝑡 ) using 𝐷robot. Alternatively, it could involve jointly pretrain-
ing on 𝐷video and 𝐷robot. In this section, we detail the various video prediction pretraining schemes seen in the
LfV literature, before outlining how the pretrained models can be adapted and utilized for downstream robotics.

Pretraining: Architectures and Datasets. Video diffusion architectures have recently been scaled to increasingly
large human video datasets for LfV [306, 67, 68]. Autoregressive transformer architectures have also been
employed [105, 289], including on large-scale internet (video-game) data [40]. Bruce et al. [40] and Hu et al. [105]
find their video prediction models to scale well with increased compute and model size. Other works [232, 180,
290] use the recurrent state-space model of Dreamer [94], a state-of-the-art model-based RL architecture.

Pretraining: Action-conditioning. To add action-conditioning information to the video predictor, Yang et al.
[306] and Sohn et al. [251] pretrain jointly on both video and robot data (the robot data contains action labels used
for conditioning). Otherwise, other works have pretrained an alternative-action video predictor 𝑝alt (𝑜𝑡+1 |𝑜𝑡 , 𝑎𝑡 )
[306, 40]. Conditioning on an Â allows for more control over video generations, and often be a mapping can be
obtained from Â to the robot action-space [221, 227]. LfV video predictors have been trained to be conditioned
on: language-as-actions [306, 68]; single-step latent actions [221, 40]; goal images [67]; future grasp-location and
post-grasp waypoint affordance information [180]; or motion information [319, 279]. Yang et al. [306] condition
on several different action-spaces, including robot actions, language actions, and camera motions.

Downstream: Adapting the Video Predictor. A video prediction model can be adapted via finetuning on 𝐷robot
[67, 7]. However, few works directly finetune an action-free video predictor 𝑝 (𝑜𝑡+1 |𝑜𝑡 ) into an action-conditioned
dynamics model 𝑝 (𝑜𝑡+1 |𝑜𝑡 , 𝑎𝑡 ). Mendonca et al. [180] pretrain on video with affordance-based conditioning, and
add optional robot action-conditioning during finetuning. Seo et al. [232] find naive finetuning on robot data to
result in the erasure of pretraining knowledge, and instead ‘stack’ an action-conditioned model on top of the
pretrained model. In related work, Yang et al. [305] demonstrate that the score function of a large pretrained
video diffusion model can guide the generations of a smaller task-specific video model. Adaptation can involve
obtaining a mapping from Â to the robot action space [221] (Section 4.3.1 elaborates on methods that map from
Â to A).

Downstream: Using the dynamics model. Once the dynamics model has been obtained it has been used in several
ways in the LfV literature. (1) As a simulator : 𝑝 (𝑜𝑡+1 |𝑜𝑡 , 𝑎𝑡 ) can be used to generate synthetic data to help train
a policy [306, 40]. (2) As a differentiable simulator : similarly, one can backpropagate through model-generated
rollouts to help train a policy [232, 290, 94]. (3) For planning: the dynamics model can be used for standard model
predictive control [221, 180] or tree-search [68].

These use-cases often require evaluation of the model-generated trajectories. Some works learn reward/value
estimates via a downstream finetuning stage, making use of reward-labelled robot data [232]. Others use video
data to help learn a reward function [180, 221, 306, 68]. See Sections 4.3.3 and 4.3.4 for details regarding methods
for learning reward and value functions from video.

Discussion. Performance gains: Bruce et al. [40] show their video-game foundation model to exhibit initial signs
of impressive generalization.When pretraining with large human video datasets, several works have demonstrated

Journal of Artificial Intelligence Research, Vol. 83, Article 12. Publication date: July 2025.



12:24 • McCarthy, Tan, Schmidt, Acero, Herr, Du, Thuruthel, & Li

moderate but significant performance gains [180, 290]. Yang et al. [306] and Du et al. [68] demonstrate that
large-scale pretrained video diffusion models can be particularly useful in long-horizon tasks.

Pros and cons: These results, combined with the possibility that dynamics models can learn from non-expert and
off-policy internet data more easily than policies [315], make LfV dynamics model approaches appear promising.
However, we note that, like policies, certain approaches may suffer from missing low-level information in video.

Future directions: (1) An obvious route to improved performances here is to continue to scale our video dataset
and model sizes [40, 105]. Experimenting with scalable alternative-action techniques [40] will be useful for
conditioning foundational video predictors. (2) A hierarchical world/dynamics model [144], where the higher
levels are learned from video data and the lower-levels are learned from robot data, is another direction to explore.
(3) An underexplored direction is to combine standard analytic simulation [267, 175] with video prediction
simulation [306] to obtain the benefits of both. (4) Following synthetic data trends in other fields [287, 150], future
work may seek to use foundational video predictors to generate synthetic video rollouts [306, 40], or augment
and improve the coverage of existing data via video editing [316].

4.3.3 Reward Functions. The reward function is an essential component of an RL algorithm. However, manual
reward design is difficult to scale to complex and unstructured real-world generalist robot settings. LfV research
has sought to tackle this issue by extracting visual reward functions from video data. In this section, we detail
any method that uses video data to help relabel transition tuples (𝑜𝑡 , 𝑎𝑡 , 𝑜𝑡+1) to (𝑜𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑜𝑡+1), thus allowing the
tuples to be used for online or offline RL.

Extracting reward functions from video. We now describe the main clusters of methods for extracting and
constructing reward functions from video data.

• Video-language Model Rewards. These methods specify the task via language and use a video-language
model (VidLM) (see Section 4.1) to provide a reward signal. We identify two categories of methods here.
Video-text similarity: A dual encoder model can be trained to embed videos and language into the same
representation-space [297, 327]. From such a model, a reward can be defined as the similarity (in embedding
space) between a language task-description and a video of the robot’s behaviour [77, 65, 253]. Baumli
et al. [22] study dual-encoder image-text rewards in detail. Visual question answering (VQA): Reward
information can be obtained from a video-to-text model (see Section 4.1.3) by asking it whether a task
has been completed in a video. A dense reward could be obtained by asking the model to score the robots
progress, or by using the model to provide feedback within an ‘RL-AI-F’ framework [133]. VQA rewards
have been used with images as input [69, 304]. Liu et al. [166] employ video-based VQA rewards, but the
limited capabilities of current video-to-text models has hindered progress here.

• Video-predictors as Reward Functions. A video prediction model 𝑝 (𝑜𝑡+1 |𝑜𝑡 ) can be converted into a reward
function [335, 74, 110]. These methods define a reward based on the likelihood of the robot video under
the video predictor. This encourages the robot to match the behaviour distribution of the video data.
Language-conditioned video prediction may allow these approaches to scale to diverse, non-expert internet
video [74].

• Representational Similarity to a reference. These methods define the reward as the similarity between
representations of the robot’s observation(s) and a reference observation (i.e., a goal image or demonstra-
tion video). We outline two distinct approaches here. Standard deep representations: ‘Standard’ learning
objectives on video data can provide representations useful for measuring the similarity between the
current observation and a goal image. Ma et al. [171] use a time-contrastive objective, which gives implicit
measurements of the temporal distance between two images. Hu et al. [108] find that many standard
deep representations can be effective, though masked autoencoding-based representations perform poorly.
Representations that address LfV distribution shift: Distribution-shifts (such as embodiment differences)
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can prevent meaningful comparison between human and robot videos. Thus, previous work has used
representations designed to explicitly ignore such distributions shifts (see Section 4.2.2) when defining
their LfV reward. This has included the use of: embodiment-invariant representations [321]; object-centric
representations [140, 245, 46]; the retargeting of poses from human to robot embodiments [176, 211]; and
viewpoint invariant representations [234, 12].

• Potential-based shaping with value functions. A value function, 𝑉 (𝑜𝑡 ), pretrained from video can provide
a dense reward via ‘potential-based shaping’: 𝑟𝑡 = 𝑉 (𝑜𝑡+1) − 𝑉 (𝑜𝑡 ). In the LfV literature, such rewards
have been defined using value functions pretrained on video data via TD learning [45], or time-contrastive
learning [171].

• Generative adversarial imitation. Generative adversarial imitation learning [98] has been used to encourage
the robot to match the behaviour distribution of a video dataset during online learning [271]. This has
often required the use of representations that explicitly ignore LfV distribution shifts [254, 211].

• Other methods. A task classifier can be trained on task-labelled video data to provide downstream rewards
[50, 242]. Several methods use the number of steps-to-completion in the video as a proxy label to train a
video reward model [306, 71]. Others encourage similarity to a video-obtained behavioural prior: such as a
video-pretrained policy [311], or a human affordance distribution [15].

Downstream Usage: Transfer Mechanisms. A video-pretrained reward function can be used zero-shot in the
downstream robot domain [74]. Other works further finetune the reward function on in-domain robot data [253].
The LfV reward could be used as the sole reward for the robot, or it could be used as an exploration or shaping
bonus, in addition to a sparse task reward [311, 45]. Adeniji et al. [3] pretrain the policy using the LfV reward,
before finetuning it on a manually defined task reward.

Discussion. Pros and cons: Learning accurate reward functions purely from video data may be more feasible
than other RL KMs. Policies or dynamics models may need access to non-visual information (e.g., forces) in the
downstream robot domain, whereas reward functions can often operate solely using visual information and
thus can be used zero-shot after video pretraining [74]. However, targeting other KMs via LfV (i.e., policies and
dynamics models) may better reduce demands on the robot data and better aid generalization beyond 𝐷robot.
Future directions: (1) The most promising approaches are likely those that can leverage pretrained video

foundation models: i.e., video-language model rewards and video-predictors as reward functions. (2) One avenue
is to combine LfV reward functions with other LfV KMs. For example, finetuning an LfV policy via online RL
and LfV rewards. (3) An underexplored direction is to use LfV rewards to augment reward labels in offline RL
data. (4) LfV reward functions may prove useful for detecting safety-related metrics when deploying robots in
the real world [90]. (5) Many LfV reward functions are differentiable, making them suitable for use in certain
model-based RL algorithms [94, 122]. (6) Shaped reward functions could be extracted from video-to-text models
via RL from AI feedback (RL-AI-F) methods [133].

4.3.4 Value Functions. Value functions are an essential component of most deep RL algorithms [231, 93]. A small
but distinct line of LfV research pretrains models that closely resemble value functions using video data. We
outline methods that do so below.

Pretraining: TD-learning. The temporal-difference (TD) learning objective is commonly used to learn value
functions in RL [257]. However, video data is missing important action, reward, and goal labels that are often
required during TD-learning.

• Missing action labels: Action labels are required to obtain a state-action value function 𝑉 (𝑜𝑡 , 𝑎𝑡 ), which
can be more useful than a ‘state’ value function 𝑉 (𝑜𝑡 ) [257]. Thus, LfV research has sought to train
value functions conditioned on ‘alternative-actions’ (see Section 4.2.1):𝑉 (𝑜𝑡 , 𝑎𝑡 ). This has been achieved by
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conditioning on: sub-goals [27, 82]; next observations [73]; single-step latent actions [45]; and IDM-obtained
pseudo-actions [46].

• Missing reward and goal labels: TD-learning requires reward labels. Meanwhile, TD-learning of multi-
task/goal value functions requires task/goal labels. To obtain reward labels for TD learning, Bhateja et al.
[27], Ghosh et al. [82], and Park et al. [199] use hindsight goal relabelling: a sparse reward is defined as
𝑟 = (𝑜 == 𝑔) (where 𝑜 is the current observation and 𝑔 is the goal observation). Chang et al. [46] leverage
object labels and off-the-shelf object detectors to provide goal and reward labels in navigational video data.
Other works assume a single task setting [73], or assume access to reward labels in the video data [73, 45].
These are not scalable assumptions. The LfV reward functions from Section 4.3.3 could be applicable here,
while video-to-text models (see Section 4.1.3) could provide goal labels in textual form.

Pretraining: Time-contrastive learning. Time-contrastive objectives induce a temporally smooth representation,
and a value function can be defined by measuring the distance between the current observation and a goal image
in the representation space [171]. Importantly, these objectives do not require action labels for video pretraining.
Quasimetric functions [283] and temporal cycle-consistency objectives [321] have been used to learn similar
representations. Note, the requirement for goal images is a limitation of these approaches.

Pretraining: Others. Edwards and Isbell [71] regress a value function towards a heuristic value; the number
of timesteps remaining in the video. This approach assumes expert behaviour in the video. Du et al. [68] take
a similar approach, finetuning a VLM to give the heuristic value estimates. Liu et al. [165] use critical state
identification to aid value predictions, but this assumes access to reward labels in the video data.

Downstream Usage. We now briefly outline how video-pretrained value functions have been used in the
downstream robot domain in the literature. (1) As a value function: A video-pretrained value function can be
directly used downstream in a standard fashion if: it is an action-conditioned𝑉 (𝑜𝑡 , 𝑎𝑡 ) [46]; or it is an alternative-
action-conditioned 𝑉alt (𝑜𝑡 , 𝑎𝑡 ) and a mapping from 𝑎 to 𝑎 can be obtained; or an action-conditioned dynamics
model 𝑝 (𝑜𝑡+1 |𝑜𝑡 , 𝑎𝑡 ) is available, allowing an unconditioned 𝑉 (𝑜) to be used for tree-search planning [68, 45]. (2)
Representation transfer: Bhateja et al. [27] initialise their downstream value function and policy representations
from a video-pretrained value function. (3) Potential-based reward shaping: A reward function can be defined
as: 𝑟 = 𝑉 (𝑜𝑡+1) − 𝑉 (𝑜𝑡 ), and be used for downstream online RL [71, 311, 45]. It may be desirable to do this if:
the pretrained value function is not fully reliable but can provide useful auxiliary rewards to guide exploration;
or the value function is not action-conditioned, so cannot be used as a 𝑉 (𝑜𝑡 , 𝑎𝑡 ) for Q-learning [257]. (4) TD
bootstrapping: A 𝑉 (𝑜𝑡 ) can still be used to accelerate downstream TD-learning of a state-action value function
𝑉 (𝑜𝑡 , 𝑎𝑡 ) by using its estimates for the bootstrap term in the bellman backup [71].

Discussion. Research into learning value functions from video has been relatively scarce. This is perhaps due
to several associated challenges. First, as noted above, there are issues related to missing action, reward, and goal
labels in video. Second, value functions estimate returns under a particular policy, but the behaviour in video data
is highly multi-modal. Third, TD learning from video may run into common issues seen in the offline RL literature
[146], though the offline RL literature does present potential solutions [138, 334]. We also note that, if the goal is
to obtain a policy, it may be easier to attempt this directly from video (see Section 4.3.1). Nevertheless, Bhateja
et al. [27] show that TD-learning of value functions from large-scale human video is a promising direction for
real-world robotics.

5 Datasets and Benchmarks
This section first provides details and discussions regarding video datasets in LfV (Section 5.1), before moving to
the benchmarking of LfV methods (Section 5.2).
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Fig. 8. LfV Datasets (Section 5.1). The log-scale plot at the bottom compares the sizes of the largest curated open-source
datasets in three different categories. InternVid [284], Ego4D [87], and Open X-Embodiment [195] are the largest internet-
scraped video, custom-recorded video, and robot datasets, respectively (to the best of our knowledge). We estimated the
hours in the Open X-Embodiment dataset by assuming the average trajectory length is 10 seconds (at the time of writing,
the dataset contained ∼2 million trajectories). The number of hours of video on YouTube is a rough calculation [249].

5.1 Datasets
We now turn our attention to the video datasets themselves. In this section (see Figure 8), we will discuss the
desired properties of video datasets (Section 5.1.1), summarise methods for curating video data (Section 5.1.2),
and review existing datasets and their limitations (Section 5.1.3).

5.1.1 Desiderata. We now discuss the key properties and characteristics desired from our LfV video datasets.

Scale and Diversity. The dataset should be large in scale and high in diversity. Scale can be measured in terms of
total video duration. Diversity refers to variety in the content of the data. Increased scale and diversity of training
data can reliably improve deep learning performances and generalization [39]. LfV is promising precisely due to
the massive scale and diversity of video data available on the internet.

Content Relevance. The content and information in the video data should be relevant to downstream generalist
robot settings [129]. For example, the videos should include information regarding the dynamics of the world
and how embodied agents can complete physical tasks. Crucially, the video data should have good coverage over
the tasks and environments the generalist robot is likely to encounter.
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Language Annotations. Language annotations can be useful for training language-conditioned models [24,
38] and to aid semantic representation learning from video [327]. High-level annotations can be useful for
learning abstracted representations. Granular annotations—for example, detailed descriptions of actions, spatial
information, and object relations—can aid the learning of low-level features that are particularly relevant to
robotics.

Other Desiderata. (1) Many LfV methods assume continuity within a clip (i.e., an absence of sharp scene
transitions) [40, 306]. (2) The use of high-resolution video may benefit finer-grained downstream behaviours
[152]. (3) Longer video clips may benefit long-horizon representations and memory useful in multi-step tasks
[163, 278]. (4) Video can be paired with other useful information, besides language annotations. This includes
object bounding boxes, object segmentations, or human-pose estimates — these labels can aid representation
learning efforts [15], serve as action labels [103], or inform automated language captioning [31]. Modalities such
as audio or depth information [87] can provide additional information beyond what is contained in RGB pixels.

5.1.2 Curating Video Data. Here, we give concrete details on techniques for curating video datasets. We discuss
techniques for scraping video from the internet, techniques for recording custom video, and techniques for
(manually and automatically) annotating video.

Scraping Video from the Internet. Diverse, large-scale video datasets can be obtained from internet repositories
of pre-existing video data. Techniques here focus on ensuring only relevant and high-quality videos are scraped
from these repositories. A typical pipeline for scraping internet video involves: (1) Formulating a pool of query
prompts used to search the repository for candidate video with relevant content. Previous works have constructed
this pool, for example, via: surveys of human time-use [87, 284]; crowd-sourcing [235, 85]; or by using LLMs to
parse action prompts from text corpora [284] (2) Post-processing the pool of candidate videos. This has included
processing videos into clips which contain no ‘cuts’ between scenes [33] and using video meta data (e.g., view
counts) to identify and remove low-quality video [300, 181, 187]. Automated metrics such as optical flow [33],
image-language model embeddings [230, 33], and video ‘realism’ estimates [239] have also been used to filter
video data. (3) Ensuring adherence to legal, ethical, and safety standards. This should include only selecting
appropriately licensed data [250], ensuring privacy by anonymizing faces [250], filtering out unsafe content [121],
and minimizing and explicitly acknowledging potential biases [250, 181]. (4) Re-annotating the videos to improve
the quality of labels. We describe video captioning methods in detail in the below paragraphs.

Recording New Video. Manually recording custom videos can be an effective (but expensive) means of collecting
video relevant to specific robot tasks [235, 86] or embodiments [235, 237]. Large-scale recording of custom
video datasets has mainly been achieved via crowd-sourcing [85, 87]. Damen et al. [59] and Grauman et al. [87]
ask participants to record their daily lives, while Goyal et al. [85], Sermanet et al. [235], and Grauman et al.
[86] provide participants with text instructions regarding the behaviours they should perform. Video can be
collected with a diversity of embodiments, including human arms, human-controlled manual grippers, and robot
arms [235, 237]. Recording first-person video [87]—video which may be less common on the internet—could be
particularly relevant to a robot with first-person observations. Attempts to record custom video should adhere to
ethical standards — including minimizing bias by ensuring diversity across various demographic and contextual
dimensions, and ensuring individuals in the video give consent or have their privacy protected (e.g., via face
blurring) [86].

Manual Captioning. The benefits that language captioning of video can provide are outlined in Section 5.1.1.
Previous works have often obtained descriptions of the contents of video data via manual human labelling [33,
59, 86, 87]. This can be performed by third-party workers or (where applicable) the person recording the video.
Versus to typed annotations, Damen et al. [59] find spoken annotations to result in higher quantity and quality
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of captions. Grauman et al. [86] have the person recording the video explain their thought processes whilst
performing actions, and then have third-party annotators provide retrospective expert commentaries. After initial
annotation is performed, Maaz et al. [172] prompt workers to augment the descriptiveness of the video captions.

Automated Captioning. Manual human annotations are expensive [87]. For larger-scale datasets, automated
annotation pipelines are promising. Various methods have been proposed here.

• Automatic speech recognition (ASR), metadata, and others. ASR converts speech in the video’s audio into
text [181, 300, 322]. However, raw ASR captions can be noisy and unrelated to the contents of the video.
Another source of information is corresponding metadata; such as descriptions, tags, and titles [284]. Bain
et al. [17] obtain captions from the alt-text HTML attribute associated with web images and videos [17]
(‘Alt-text’ in Table 1). Nagrani et al. [187] start with a dataset of high-quality image-caption pairs, then
mine video clips with similar frames and transfer the captions to those clips (‘Transfer’ in Table 1).

• Off-the-shelf vision models. Video-to-text captioning models are an option [33], but poor captioning capabili-
ties have limited previous usage. Alternatively, more reliable image-captioning [33, 172] or object-detection
[323, 172, 215, 31] can be employed to gather information regarding the content in a video. The methods in
this bullet are referred to as ‘Generated’ in Table 1.

• LLM processing. Blattmann et al. [33], Maaz et al. [172], and Wang et al. [284] use LLMs to summarise
keyframe captions and full-clip captions into a single video caption. LLM post-processing can be used to
filter out inconsistent captions across sources or frames [172]. Combining multiple sources of information
via LLM processing may result in more detailed and accurate captions.

5.1.3 Existing Datasets. In this section, we provide an overview of existing video datasets relevant to LfV. We
aim to highlight datasets that satisfy key desiderata from Section 5.1.1, and thus are promising for training
foundational video and/or robotics models.

Overview of Existing Datasets. Table 1 presents details of a representative set of existing video datasets. We
now discuss these datasets in more detail.

• Large-scale, internet-scraped datasets. These can span up to several decades worth of video data [284, 300].
They are diverse, capturing human behaviours in tasks and environments sampled from a global population.
These datasets have been constructed via: query-based searches of YouTube [284, 181, 255]; aggregating
video from previous datasets [322]; or scraping video from various webpages [17]. Language captions of
these large datasets are usually obtained via automated methods. These datasets have commonly been used
in initial attempts at training video foundation models [327, 280] (see Section 4.1).

• Manually collected datasets. These are generally not as large or diverse as the largest web-obtained video
datasets. However, many contain content highly relevant to robotics, and these datasets have often been
used in past LfV research [188, 306, 289]. For example, Ego4D [87] contains egocentric video of participants
going about their daily lives, and RoboVQA [235] contains video of teleoperated robots and humans
performing long-horizon household tasks. Here, it is common for captions to be provided manually by
crowd-sourced workers.

• Annotations. All of the datasets in Table 1 come with text annotations. Other annotation modalities are
sometimes provided. Grauman et al. [87, 86] occasionally collect corresponding audio, 3D meshes, eye-gazes,
stereo, and synchronized video from different viewpoints. Shan et al. [239] provide human-hand labels
for 100k images in their video dataset. Note, internet-obtained video datasets generally lack these other
annotations as they may be costly to add manually, or may require customized video recording setups.

1These datasets are not publicly available at the time of writing.
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Table 1. Existing video datasets. Listed are: (top) large-scale, internet-scraped video datasets, and (bottom) robotics-relevant,
manually-recorded video datasets. The datasets are ordered by decreasing total video duration. Details regarding ‘Caption
Type’ can be found in Section 5.1.2.

Dataset Content Size (hours) # Clips Caption Type Collection
Method

InternVid [284] YouTube 760,000 230M Generated Internet
HD-VILA-100M [300] YouTube 370,000 103M ASR Internet
YT-Temporal-180M [322] YouTube - 180M ASR Internet
WTS-70M [255] YouTube 190,000 70M Metadata Internet
HowTo100M [181] Instruction 134,000 136M ASR Internet
WebVid-10M [17]1 YouTube 52,000 10M Alt-text Internet
VideoCC3M [187]1 YouTube 18,000 6M Transfer Internet
100 Days of Hands [239] Actions 3,100 27k Metadata Internet

Ego-4D [87] Everyday 3,600 28k Manual Manual
Ego-Exo-4D [86] Skilled 1,400 6k Manual Manual
SS-v2 [85] Actions 245 221k Manual Manual
RoboVQA [235] Everyday 230 98k Manual Manual
Epic-Kitchens-100 [58] Cooking 100 700 Manual Manual

Discussion. The largest internet-curated video datasets are two orders of magnitude larger than the largest
manually-recorded video datasets. Yet, these still barely scratch the surface of the full range of video content
available online (see Figure 8). As such, we advocate for continued efforts into curating ever-larger internet
video datasets for LfV (whilst upholding high legal, ethical, and safety standards). Crucially, new curation efforts
should optimise for the full range of desiderata discussed in Section 5.1.1). Low-quality language annotations
are a key limitation of current internet-curated video datasets. This can be addressed via improved automated
captioning methods. Finally, we note that efforts to curate smaller-scale, higher-quality video datasets can still
provide value. For example, such high-quality datasets can be used for finetuning models after pretraining on
larger, lower-quality data [33].

5.2 Benchmarks
Benchmarks can be crucial for catalysing rapid research progress in a given area [63]. In this section, we first
give recommendations for how an LfV benchmark should be designed (Section 5.2.1). We subsequently review
relevant benchmarks from the literature, commenting on limitations and proposing improvements (Section 5.2.2).

5.2.1 Designing LfV Benchmarks. In the paragraphs below, we first give recommendations regarding the metrics
an LfV benchmark should measure, before outlining different possible categories of LfV benchmarks and their
corresponding desiderata.

Metrics. An LfV benchmark should serve to evaluate either the capabilities of a policy obtained via an LfV
approach, or the effectiveness of an LfV algorithm at producing a policy, under certain constraints (e.g., when
constrained to use a fixed dataset). More specifically, the benchmark can evaluate the extent to which the potential
benefits of LfV (Section 3.3) have been obtained. This can be achieved via the following quantitative metrics:

(1) Performance in-distribution of D𝑟𝑜𝑏𝑜𝑡 . Performance (e.g., task success rate) of the robot in settings in-
distribution of D𝑟𝑜𝑏𝑜𝑡 , after training on D𝑣𝑖𝑑𝑒𝑜 and a fixed D𝑟𝑜𝑏𝑜𝑡 .
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(2) Data-efficiency in-distribution of D𝑟𝑜𝑏𝑜𝑡 . The quantity of data in D𝑟𝑜𝑏𝑜𝑡 required to reach a certain perfor-
mance level in settings in-distribution of D𝑟𝑜𝑏𝑜𝑡 , when also training on D𝑣𝑖𝑑𝑒𝑜 .

(3) Generalization beyond D𝑟𝑜𝑏𝑜𝑡 . The performance of the robot in settings out-of-distribution of D𝑟𝑜𝑏𝑜𝑡 , after
training on D𝑣𝑖𝑑𝑒𝑜 and a fixed D𝑟𝑜𝑏𝑜𝑡 .

These metrics cover the benefits of ‘generalization beyondD𝑟𝑜𝑏𝑜𝑡 ’ and ‘improvements in-distribution ofD𝑟𝑜𝑏𝑜𝑡 ’,
as outlined in Section 3.3. However, the benefit of ‘emergent capabilities’ likely must be evaluated qualitatively.

Finally, the benchmark should also inform us on how scalable the LfV method is to diverse internet data and
the generalist robot setting, and how well it can handle fundamental LfV challenges (Section 3.4). Specific design
choices that can be made here are discussed in later paragraphs.

Categories. All LfV benchmarks should include a fixed set of evaluation environments,Meval, in which the LfV
policy, 𝜋lfv, is to be evaluated. However, LfV benchmarks can differ based on whether they specify the datasets
Dvideo and Drobot that are to be used to train the policy. Concretely, we identify the following possible categories
of LfV benchmark:

• 𝐵e = {Meval}. A 𝜋lfv trained on any Dvideo and any Drobot is evaluated on a fixed Meval.
• 𝐵e-r = {Meval, Drobot}. A 𝜋lfv trained on any Dvideo and a fixed Drobot is evaluated on a fixed Meval.
• 𝐵e-r-v = {Meval, Drobot, Dvideo}. A 𝜋lfv trained on a fixed Dvideo and a fixed Drobot is evaluated on a fixed
Meval.

Benchmarks that fix the datasets (e.g., 𝐵e-r-v) can provide a fair comparison of LfV algorithms. However, they
may end up being ‘toyish’ in practice. Benchmarks that do not fix the data (i.e., 𝐵e) are useful for evaluating the
performance of an obtained 𝜋lfv.

Desiderata. We now give details regarding the desiderata for each potential component of an LfV benchmark.

• Meval. The evaluation environments should be analogous to the generalist robot settings we are interested
in. (1) Relevance: The environments and tasks should resemble those in generalist robot settings. (2) Diversity
inMeval allows us to measure how 𝜋lfv will handle diverse and unseen real-world scenarios. (3) Realism:
The benchmark should include challenges that may be faced in real-world environments (such as noisy
observations), and its physics should be sufficiently realistic. To ensuring M𝑒𝑣𝑎𝑙 bears on the challenge
of ‘missing low-level information in video’, the tasks in M𝑒𝑣𝑎𝑙 could be setup to require perception of
information not contained in video data.

• Drobot. (1) Drobot should be drawn from a subset of the tasks and environments inMeval, allowing us to
measure performance both in and out-of-distribution ofDrobot. (2) To ensure LfV generalization (see Figure
2) is indeed possible in the benchmark, the robot dataset should have good coverage over all possible
low-level “atomic" actions.

• Dvideo. Firstly, Dvideo should not contain action labels. Other desiderata depend on the extent to which we
wish 𝐵e-r-v to be a ‘toy’ setting for testing LfV algorithms.
Toy setups can allow for excellent control over which LfV challenges (Section 3.4) are faced. (1) A toy
setup can ensure Dvideo has good coverage over the environments and tasks inMeval. (2) Characteristics of
Dvideo can be controlled to establish distribution shifts between Dvideo andMeval (e.g., embodiment gaps,
viewpoint differences). (3) The challenge of ‘controlability’ (see Section 3.4) can be toggled by managing
the extent to which changes in the video are due to effects beyond a single agent’s actions.
Approximating the scaled-up LfV setting: Here, Dvideo should resemble internet video in terms of its scale,
diversity, and content. Thus, Dvideo should ideally consist of real-world human videos scraped from the
internet. Doing so will inherently present several LfV challenges, and allow for evaluation of the scalability
of the LfV method.
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5.2.2 Existing Benchmarks. This section briefly details existing LfV benchmarks, before discussing future direc-
tions.

𝐵e = {Meval}. A number of benchmarks provide an Meval relevant to LfV research. (1) Toy settings: The
diversity of certain complex or open-ended video game environments [77, 142] can provide an excellent setting
for testing LfV policy generalization. (2) Robotics simulators: Robotics-relevant simulated environments include
benchmarks focused on low-level motor control and object interaction [179, 314, 89, 162, 141, 175, 209]. (3)
Embodied AI simulators: Some benchmarks focus on household and everyday mobile manipulation tasks while
abstracting away low-level control to focus on higher-level planning [208, 135, 148]. (4) Real-robot setups: Real-
world robot evaluations are also available [4], but may be more costly and time-consuming than simulated
evaluation. To address this, Li et al. [156] design a simulated benchmark specifically for evaluating real-world
policies.

𝐵e-r = {Meval,Drobot}. Several benchmarks pair a Drobot with an Meval. Mees et al. [179], Lynch et al. [169],
and Liu et al. [162] provide demonstration or play data for simulated tabletop manipulation tasks. Gu et al. [89]
includes mobile manipulation tasks. Pumacay et al. [209], Xie et al. [294], and Nasiriany et al. [190] provide
multiple different tasks and environments (along with corresponding Drobot generation methods), which may be
useful for testing LfV generalization. Lastly, there exist relatively large real-world robot datasets which are not
paired with any specific benchmark [195, 129].

𝐵e-r-v = {Meval,Drobot,Dvideo}. To the best of our knowledge, there are few benchmarks that specify a fixed
Dvideo and a fixed Drobot. Fan et al. [77] provide a Dvideo containing 730k YouTube videos in a Minecraft setting.
Many previous LfV works have constructed aD𝑣𝑖𝑑𝑒𝑜 by stripping action labels from aD𝑟𝑜𝑏𝑜𝑡 [232, 227, 288]. This
can allow for easy setup of a scenario where Dvideo has good coverage over Meval, but can neglect distribution
shifts seen between the video data and the robot domain in realistic LfV settings.

Discussion. We provide recommendations for improvements in LfV benchmarking.

• Improving the diversity in Meval. The diversity in most suitable robotic simulators [179, 169, 162, 89, 148] is
still limited in terms of the tasks, environments, and objects presented. Improving diversity will allow us to
better assess the applicability of the LfV method to generalist robot settings. One possibility here is to use
procedural generation [62] or LLM-assisted environment design [292]. Another is to aggregate multiple
Meval’s within a common framework [141].

• Establishing popular 𝐵e-r and 𝐵e-r-v LfV benchmarks. Establishing benchmarks in these categories (currently
there are no popular options) would provided an improved ability to compare LfV algorithms; past works
have often chosen different Dvideo’s [188, 306, 227] and thus are difficult to compare. Any new LfV
benchmark should be designed following the recommendations outlined in Section 5.2.1.

6 Challenges and Opportunities
We now provide a comprehensive discussion of challenges and opportunities for future LfV research, based
on our analysis of the existing literature. First, we give high-level recommendations for future LfV research
(Section 6.1). Second, we detail promising directions for utilising video foundation models and techniques for
LfV (Section 6.2). Third, we highlight approaches for overcoming previously identified LfV challenges (Section
6.3). We conclude by discussing other challenges in generalist robotics may not be solved via scaling to larger
datasets (Section 6.4).
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6.1 High-level Recommendations
Following our the analysis of the LfV literature in Section 4, we now provide some high-level recommendations
for future LfV research.

Focus on scalable approaches. Methods that can scale well to large, diverse internet video may be particularly
effective. Many previous LfV works limit scalability by making strong assumptions on the nature of the video
data or the downstream robot setting [18, 254]. Instead, we advocate for methods that can use general learning
objectives to extract knowledge from heterogenous video data (see the foundation model approaches in Section
4.1). Methods that can learn from unlabelled and suboptimal video data are most scalable in theory [40], though
methods that leverage language labels can still be highly effective [38, 306]. Finally, focusing initially on LfV
approaches that can learn from offline robot data (or that can perform online RL in simulation) may be sensible,
due to the impracticalities of online real-world RL.

Target the key benefits of LfV via policies and dynamics models. Future LfV research should focus on obtaining the
most promising LfV benefits (Section 3.3); namely, improving robot data efficiency and improving generalization
beyond Drobot. Much past LfV research has sought to extract reward functions from video (Section 4.3.3). Whilst
these approaches are useful, learning policies (Section 4.3.1) and dynamics models (Section 4.3.2) is likely most
promising for reducing reliance on robot data (as is discussed in their respective sections).

Improve LfV datasets. Improving and scaling video datasets is a reliable way to improve our LfV models. In
Section 5.1.3, we recommend scraping larger-scale video data from the internet, and captioning this data with
high-quality language annotations. We advocate for the open-sourcing of such curated video datasets.

Combine LfV with alternative approaches, like simulation. Any practical LfV approach should seek to collect as
useful a Drobot as possible. In some cases, video data could aid the collection of (real and simulated) robot data.
Automatic generation of diverse and realistic simulated environments [292, 76] could be aided by video data
[309] and video models [38]. Here, video foundation models could be used to provide dense reward signals in
diverse simulated environments (Section 4.3.3, Li et al. [149]). Elsewhere, we note that the use of video data is not
restricted to monolithic foundation model approaches or pure end-to-end learning approaches. Components in
modular approaches, such as specialist agents [303] or vision systems, may benefit from the use of internet video
data. In hybrid approaches, where deep learning is combined with more classical or structured control methods
[57, 111, 182], video data can benefit the deep learning component.

Improve evaluation of LfV methods. Research should explicitly measure the extent to which a method can
handle LfV challenges and can provide the potential benefits of LfV. In Section 5.2.1, we outline concrete metrics
for this. It is often difficult to identify these metrics in existing LfV research. In Section 5.2.2, we advocate for the
design of improved LfV benchmarks that can offer these metrics off-the-shelf.

6.2 Video Foundation Models for LfV
A promising LfV direction is to utilise large-scale internet video data to help train large foundation models (FMs)
for robotics. Here, we outline related research avenues and key points of discussion.

Improving Video FMs. Advancing video FMs and techniques may be a key driver of progress for scalable
LfV approaches (Section 4.1). Key issues to tackle here include addressing dataset limitations and prohibitive
computational requirements. More details on avenues for improving video FMs are discussed in Section 4.1.4.

Leveraging Pretrained Video FMs. Generic video foundationmodels can be adapted into RL knowledgemodalities
to aid robot learning. Strong baselines here will include finetuning the video FM into an action-outputting policy
using offline robot data [37, 289], or (if the video FM has video generation capabilities) finetuning it into a robot
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dynamics model. Data-efficient and computationally efficient adaptation mechanisms [106, 305] may be useful
here.

Customising Video FMs for LfV.. The most effective LfV approaches will likely use pipelines fully optimized for
robotics. We now touch on directions for customising video FMs and techniques for LfV.

• Improve the capabilities of generic video FMs in areas relevant to robotics.We could, for example, improve
the physics realism of generic video prediction models (e.g., via RL finetuning; see Black et al. [29]), or
the fine-grained understandings of generic video-to-text models (e.g., via improved fine-grained language
captioning of the video data). The inclusion of domain-specific robot videos in generic video FM pretraining
could improve its performance in the downstream robot setting.

• Pretrain control-centric video FMs on Dvideo. There are various options for obtaining models that are more
‘control-centric’ from video data. The use of action representations (see Section 4.2.1) can add explicit
action information to the video FM [40, 227]. The model could be trained using control-centric objectives,
such as TD-learning [27]. Video data could be paired with robotics-relevant low-level information (where
available); e.g., 3D depth information can improve crucial 3D understandings [331, 318], or frozen video
features could be combined with features from different modalities [161].

• Pretrain control-centric FMs on Dvideo and Drobot. Any-to-any sequence models can be pretrained jointly
on video and robot data, and can subsequently act as policies, dynamics models, and high-level planners
[251]. Video prediction models can be pretrained on video and robot data, allowing them to be optionally
conditioned on robot actions [306]. Action labels in robot data could be used in addition to action repre-
sentations in video data. It is not yet clear whether pretraining on both Dvideo and Drobot is preferable to
pretraining on Dvideo before finetuning on Drobot. Future research should clarify this.

Monolithic Vs Compositional Models. Any-to-any sequence modelling is an example monolithic LfV approach
[251]. The use of a video generation model to hierarchically condition an action-prediction model is an example
compositional LfV approach [7]. Versus monolithic approaches, Du and Kaelbling [66] argue that compositional
approaches are more computationally efficient, more data-efficient, and can obtain improved generalization [333].
These advantages are very relevant to the LfV setting. Nevertheless, monolithic models may benefit from positive
transfer between the different data modalities and tasks they handle, and can be optimized end-to-end. Future
research should seek to better compare monolithic and compositional LfV approaches.

Open-sourcing Video FMs. We advocate for increased open-sourcing of video foundation models. Open-sourced
models will make cutting-edge LfV research more accessible to academic researchers, accelerating progress in
LfV [131].

6.3 Overcoming LfV Challenges
In Section 3.4, we outlined the key challenges in LfV. Whilst recent LfV research has partially addressed some of
these, here we discuss further promising directions.

Bridging the gap to low-level robot information. A key LfV challenge is to minimise the quantity of robot data
required, despite the missing low-level information (e.g., forces and tactile information) in the video data (see
Figure 2). While it is possible that further scaling the robot and video datasets will implicitly solve this issue, here
we discuss more explicit solutions.

• Incorporate low-level information into video pretraining. As discussed in Section 6.2, low-level information
could be introduced during video pretraining via: the use of video paired with low-level information (e.g.,
depth info); or the use of robot data during pretraining. Simulated robot data could be cheap source of
low-level information.
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• Bypass the need to incorporate low-level information into video pretraining. A hierarchical approach can
mitigate the need for a video-pretrained model to make use of non-visual information. For example, a
high-level policy trained on Dvideo can propose alternative-actions, and a low-level policy trained on
Drobot can decode these to robot actions [67, 227, 288] (see Section 4.3.1). The use of a coarse-action
space (e.g., cartesian control for manipulation; see Brohan et al. [36]) may achieve a similar effect. One
possibility to collect robot data with the hierarchical/coarse action-space policy, and subsequently finetune
for finer-grained control.

Recovering action information from video. The missing action label problem in LfV can be partially addressed
using alternative-action representations (see Section 4.2.1). We recommend future research to: (1) Scale existing
methods to realistic and diverse internet video. (2) Explicitly compare the pros and cons of different action
representations, and measure the extent to which each can help obtain the benefits of LfV (see Section 3.3). (3)
Develop improved, novel action representations. Perhaps by combining the benefits of existing options [310].

Tackling distribution shift. Previous LfV works have attempted to address LfV distribution shifts using specific
inductive biases (see Section 4.2.2). However, these have not scaled to heterogenous internet video data. We
advocate for implicitly addressing distribution shifts by scaling flexible methods to large, diverse internet video
data, and, when possible, additionally training on (real and simulated) robot data. Compositional approaches are
another option for obtaining generalization under distribution shift [66]. Nevertheless, addressing LfV distribution
shift is an open problem.

Mitigating computational demands. The high computational demands of training on video data can be mitigated
via improved efficient architectures, taking inspiration from relevant LLM research [280, 164, 19, 118]. The ever
decreasing cost of compute will also help here [183]. Improved methods for learning latent spaces in which the
video model can operate (versus operating directly in pixel space) can aid computational efficiency in addition to
mitigating issues related to noise and redundancy in video [21, 302].

6.4 Is Scaling Enough?
Observing results in other machine learning domains [2, 24, 306, 256], it seems likely that scaling current robot
learning approaches to larger datasets will yield improvements in robot capabilities. This survey advocates for
the use of internet video data to help us achieve this scaling. However, scaling may be insufficient to take us
all the way to generalist robots [139]. Indeed, there may be unique challenges in robotics that do not exist in
other domains where scaling has proven successful [184]. In this section, we note challenges that may face LfV
approaches that rely on scaling the data under the current paradigm. Instead, solving these challenges may
require algorithmic advances.

• LfV is also reliant on robot data. LfV approaches augment a robot dataset with (internet) video data. However,
any LfV approach will still be bottlenecked by the quantity, quality, and coverage of its robot data. The
difficulty of collecting robot data with sufficient coverage over generalist robot settings may be the main
barrier to scaling up robotics as seen in other domains, even for LfV approaches.

• Safety and reliability. Safety is paramount when deploying robots in the real world — failures can lead to
damage to property, costly operational disruptions, or physical harm to people [143]. As such, physical
robots may require higher success rates than are required in other generative AI tasks. Unfortunately, deep
learning models are known to be brittle and often generalise poorly to unseen scenarios [84, 96]. Scaling
to internet data may provide a robot model with improved ‘common-sense’, improving its reliability and
generalization [330, 37]. However, this may not fundamentally solve the problem — it may only improve
generalization within the distribution of the internet data, but not beyond it.
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• Long-horizon tasks andmemory.Generalist robotsmay need to operate over long time horizons. This presents
two challenges. First, longer-horizon tasks may necessitate improved planning, reasoning, and subtask
success rates. Second, longer-horizon tasks require improved memory capabilities. Current solutions to
long-term memory involve scaling up the context-length of the model [163], or storing and retrieving from
simple memory databases [198]. It is unclear whether these solutions will be sufficient to fundamentally
address the problem.

• Latency. Large foundation models currently have long inference times that limit their ability to perform
real-time high-frequency robot control [217, 36]. Techniques to reduce inference latency will be beneficial
here [118, 252].

• Continual learning and adaptation. A generalist robot may regularly encounter novel scenarios. It must be
able to adapt to these scenarios appropriately. Scaling can improve generalization and in-context ‘meta-
learning’ abilities [39]. Nevertheless, obtaining true continual learning [1] abilities is still an open problem,
and may require further algorithmic advances.

• Reasoning. There exists both speculation and empirical evidence regarding the inability of deep learning
methods to perform true ‘reasoning’ [109, 11]. Such reasoning abilities may be crucial for a generalist
robot. If deep learning is fundamentally limited in this regard, then scaling to internet video data may be
insufficient to achieve general-purpose robots.

Nevertheless, ‘Is scaling enough?’ is ultimately an empirical question. Given deep learning will likely be a core
component of generalist robot research for the foreseeable future, there is value in work pushing scaling-based
approaches as far as possible. This will allow us to empirically answer this question and find fundamental and
practical limitations that do indeed exist. Identified limitations can be tackled in a targeted manner by combining
deep learning with alternative approaches (Section 2).

7 Conclusion
Developing general-purpose robots is a grand challenge in robotics. However, current robot learning approaches
are bottlenecked by a lack of robot data. Learning from Video (LfV) methods seek to alleviate this issue by
augmenting their training dataset with video data. These methods are promising as internet video comes in vast
quantities and contains information highly relevant a general-purpose robot.

In this survey, we have outlined fundamental LfV concepts and conducted a comprehensive review of the LfV
literature. We emphasised methods with the potential to scale to large, heterogeneous internet video datasets:
following the success of scaling deep learning to internet data in other domains [193, 24], these LfV methods are
promising for improving the generality of our robots.
The key takeaways of this survey are summarised below.
• Fundamental LfV concepts. We explicitly establish the benefits that can be obtained from LfV (Section 3.3),
and key LfV challenges that stand in the way of these benefits (Section 3.4). These fundamental concepts
should guide future LfV research agendas.

• Robot foundation models from internet video.Video foundation model techniques are promising for extracting
knowledge from large, heterogeneous internet video datasets (Section 4.1). In Section 6.2, we discussed
directions for leveraging video foundation model techniques for robotics. Developing models customized
for robotics is a particularly promising direction. Here, recent monolithic any-to-any sequence models
offer a clear path forward. It will also be beneficial to pursue compositional approaches in parallel.

• Scalable approaches for learning policies and dynamics models. Our main analysis of the LfV-for-robotics
literature (Section 4.3) yielded important takeaways. First, future LfV research should avoid inductive biases
that limit scalability (i.e., those seen in Section 4.2.2), and adopt scalable learning techniques similar to those
used for video foundation models (Section 4.1). Though a reliance on language captions may limit scalability
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to an extent, this may become less of an issue as automated captioning methods improve (Section 5.1.2).
Second, we should focus on methods that can best obtain the key LfV benefits (e.g., generalisation beyond
the available robot data). This includes targeting the learning of policies (Section 4.3.1) and dynamics
models (Section 4.3.2) from video data. Improved benchmarks that quantitatively measure LfV benefits (see
Section 5.2.2) will facilitate these efforts.

• Action representations. In Section 4.2.1, we outlined methods for extracting action representations from
video. These can serve to mitigate missing action labels in video. These methods are promising, but further
work is required to scale them to large, realistic internet video data.

• Improved datasets. Improving and scaling our video datasets (as per the desiderata outlined in Section 5.1.1)
is a reliable way to improve our LfV models. Suitable methods for curating internet video data are outlined
in Section 5.1.2.

• Is scaling enough? Exploiting internet video will likely drive significant advances in robotics. However, the
generalist robot setting presents challenges that may not be solved via naive scaling of deep learning (Section
6.4). As LfV and other research attempts to address the data bottleneck in robotics, other complementary
and alternative research agendas should be explored in parallel (see Section 2).

The analyses, taxonomies, and directions presented in this survey should serve as a valuable reference for
future LfV research. We hope this can catalyze further research in the area, and accelerate our progress towards
developing general-purpose robots.
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