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ABSTRACT

In this work, we present an approach to construct a video-based robot policy ca-
pable of reliably executing diverse tasks across different robots and environments
from few video demonstrations without using any action annotations. Our method
leverages images as a task-agnostic representation, encoding both the state and
action information, and text as a general representation for specifying robot goals.
By synthesizing videos that “hallucinate” robot executing actions and in combi-
nation with dense correspondences between frames, our approach can infer the
closed-formed action to execute to an environment without the need of any explicit
action labels. This unique capability allows us to train the policy solely based on
RGB videos and deploy learned policies to various robotic tasks. We demonstrate
the efficacy of our approach in learning policies on table-top manipulation and
navigation tasks. Additionally, we contribute an open-source framework for effi-
cient video modeling, enabling the training of high-fidelity policy models with four
GPUs within a single day.

1 INTRODUCTION

A goal of robot learning is to construct a policy that can successfully and robustly execute diverse
tasks across various robots and environments. A major obstacle is the diversity present in different
robotic tasks. The state representation necessary to fold a cloth differs substantially from the one
needed for pouring water, picking and placing objects, or navigating, requiring a policy that can
process each state representation that arises. Furthermore, the action representation to execute each
task varies significantly subject to differences in motor actuation, gripper shape, and task goals,
requiring a policy that can correctly deduce an action to execute across different robots and tasks.

One approach to solve this issue is to use images as a task-agnostic method for encoding both the
states and the actions to execute. In this setting, policy prediction involves synthesizing a video that
depicts the actions a robot should execute (Finn & Levine, 2017; Kurutach et al., 2018; Du et al.,
2023), enabling different states and actions to be encoded in a modality-agnostic manner. However,
directly predicting an image representation a robot should execute does not explicitly encode the
required robot actions to execute. To address this, past works either learn an action-specific video
prediction model (Finn & Levine, 2017) or a task-specific inverse-dynamics model to predict actions
from videos (Du et al., 2023). Both approaches rely on task-specific action labels which can be
expensive to collect in practice, preventing general policy prediction across different robot tasks.

This work presents a method that first synthesizes a video rendering the desired task execution;
then, it directly regresses actions from the synthesized video without requiring any action labels or
task-specific inverse-dynamics model, enabling us to directly formulate policy learning as a video
generation problem. Our key insight is that action inference from video in many robotics tasks can be
formulated as solving for a rigid 3D transform of objects or points in the generated video. Such a
transform can be robustly inferred using off-the-shelf optical flow and segmentation networks, and
actions can then be executed from these transforms using off-the-shelf inverse kinematics and motion
planners. We illustrate the efficacy of our method across various robotics tasks ranging from table-top
assembly, ego-centric object navigation, and real-world robot manipulation in Figure 1.
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Figure 1: Diverse Task Execution without Action Labels. Our approach can execute policies given only
synthesized video, without any action labels, across various manipulation, navigation, and real-world tasks.

Another limitation of existing approaches that formulate policy prediction as a video prediction
problem is that they suffer from high computational costs during training, requiring the use of over
256 TPU pods (Du et al., 2023), with limited availability of the underlying source code. As a
contribution, we provide an open-source codebase for training video policy models. Through a series
of architectural optimizations, our framework enables the generation of high- delity videos for policy
execution, with training accomplished on just 4 GPUs in a single day.

Concretely, this work contributes the following) We propose a method to infer actions from video
prediction without the need @y action labeldy leveraging dense correspondences in a video.

(2) We illustrate how this approach enables us to learn policies that can solve diverse tasks across
both table-top manipulation and navigatidB8) We present an open-source framework which enables

ef cient video modeling that enables us to learn policies ef ciently on 4 GPUs in a single day.

2 REeLATED WORK

Robot Learning from Videos. A large body of work has explored how to leverage videos for robot
learning (Sun et al., 2018; Pari et al., 2022; Nair et al., 2022; Shao et al., 2021; Chen et al., 2021; Bahl
etal., 2022; Sharma et al., 2019; Lee & Ryoo, 2017; Du et al., 2023; Chethan et al., 2023; Karamcheti
et al., 2023). One approach relies upon using existing video datasets to construct effective visual
representations (Pari et al., 2022; Nair et al., 2022; Karamcheti et al., 2023). Alternatively, goal or
subtask information for robotic execution may be extracted for videos (Shao et al., 2021; Chen et al.,
2021; Chethan et al., 2023; Bahl et al., 2022; Sharma et al., 2019; Lee & Ryoo, 2017; Sivakumar
et al., 2022) or used as a dynamics model for planning (Finn & Levine, 2017; Kurutach et al., 2018).
The absence of rewards and action labels distinguishes our work from of ine RL (Levine et al., 2020).
Most similar to our work, in UniPi (Du et al., 2023), policy prediction may directly be formulated

as a text-conditioned video generation problem. Our approach extends UniPi and illustrates how
dense correspondences enable action inference without any explicit action labels. Another work
with a similar high-level idea to ours (Bharadhwaj et al., 2023) predicts hand poses from videos
and uses them directly for control, while we infer actions from object-centric trajectories. While
hand poses contain more details of manipulator-object interactions, object-centric actions may help
cross-embodiment transfer.

Leveraging Dense Correspondence®ense correspondences have emerged as an effective implicit
parameterization of actions and poses (Florence et al., 2018; Manuelli et al., 2022; Yen-Chen et al.,
2022; Simeonov et al., 2022; 2023; Chun et al., 2023; Sundaresan et al., 2020; Ryu et al., 2023).
Given dense correspondences in 2D (Florence et al., 2018; Manuelli et al., 2022; Sundaresan et al.,
2020; Yen-Chen et al., 2022) of 3D (Simeonov et al., 2022; 2023; Chun et al., 2023; Ryu et al.,
2023) both object and manipulator poses may be inferred by solving for rigid transforms given
correspondences. Our approach uses dense correspondences between adjacent frames of synthesized
videos to calculate object of scene transformations and then infer robot actions.

Learning from Observation. In contrast to imitation learning (learning from demonstration: Osa

et al., 2018; Kipf et al., 2019; Ding et al., 2019; Fang et al., 2019; Mao et al., 2022; Wang et al.,
2023), which assumes access to expert actions, learning from observation methods (Torabi et al.,
2019b; 2018; 2019a; Lee et al., 2021; Karnan et al., 2022) learn from expert state seqgeagnces (
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Figure 2:Overall framework of AVDC. (a) Our model takes the RGBD observation of the current environmental
state and a textual goal description as its input. (b) It rst synthesizes a vidi@ewaginedexecution of the

task using a diffusion model. (c) Next, it estimates the optical ow between adjacent frames in the video. (d)
Finally, it leverages the optical ow as dense correspondences between frames and the depth of the rst frame to
computeSH?3) transformations of the target object, and subsequently, robot arm commands.

video frames). Action-free pre-training methods (Baker et al., 2022; Escontrela et al., 2023) extract

knowledge from unlabeled videos and learn target tasks through RL. extcolorblackFor example, a
recent approach involves learning value functions by pre-training on existing video datasets (Chethan
et al., 2023). Despite encouraging results, these methods require interacting with environments,
which may be expensive or even impossible. In contrast, our proposed method does not require
environmental interactions and therefore is more applicable.

3 ACTIONS FROMVIDEO DENSE CORRESPONDENCES

The architecture of our proposed framework, Actions from Video Dense Correspondences (AVDC),
is depicted in Figure 2. AVDC consists of three modules. Given the initial observaggra RGBD

image of the scene and a textual task description), we rst employ a video synthesis model to generate
a video that implicitly captures the sequence of required actions (Section 3.1). Then, we use a ow
prediction model to estimate the optical ow of the scene and objects from the synthesized video
(Section 3.2). Finally, leveraging the initial depth map and predicted optical ows, we reconstruct the
movements of objects for manipulation or robots for navigation, described in Section 3.3.

3.1 TEXT-CONDITIONED VIDEO GENERATION

Our text-conditioned video generation model is a conditional diffusion model. The diffusion model
takes the initial frame and a text description as its condition and learns to model the distribution of
possible future frames. Throughout this paper, our video generation model predicts a xed number of
future framesT = 8 in our experiments).

The diffusion model aims to approximate the distributpgimg, .1 jimg,; txt), whereimg,.; repre-
sents the video frames from time ste T, img, denotes the initial frame, arigt represents the
task description. We train a denoising functiorthat predicts the noise applieditag,.+ given the
perturbed frames. Given the Gaussian noise schedulingur overall objective is,

p . p— | 2
L mse = 1 img.r+ tjtxt)

where is sampled from a multivariate standard Gaussian distributiont &na randomly sampled
diffusion stept. A main practical challenge with training such video diffusion models is that they are
usually computationally expensive. For example, the closest work to us, UniPi (Du et al. (2023)),
requires over 256 TPU pods to train. In this paper, we build a high- delity video generation model
that can be trained on 4 GPUs in a single day through a series of architectural optimizations. Section G
presents complexity analyses and how the process can be signi cantly accelerated.

Our model is a modi ed version of the image diffusion model proposed by Dhariwal & Nichol (2021),
built upon U-Net (Ronneberger et al., 2015), as illustrated in Figure 3a. The U-Net consists of the
same number of downsample blocks and upsample blocks. To enhance consistency with the initial
frame, we concatenate the input condition frame, to all future framesmg, .1 . To encode the text,

we use a CLIP-Text (Radford et al., 2021) encoder to obtain a vector embedding and combine it into
the video generative model as additional inputs to individual downsampling and upsampling blocks.

Importantly, we use a factorized spatial-temporal convolution similar to the model from Ho et al.
(2022), within each ResNet block (He et al., 2016). As shown in Figure 3b, in our approach, the
5D input feature map with shag8; H; W; T; C ), whereB is the batch size{l andW represent

the spatial dimensiong, is the number of time frames, ai@l denotes the number of channels,
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(a) U-Net architecture for our base diffusion model  (b) Factorized spatial-temporal ResNet block

Figure 3: Network architecture of our video diffusion model. (a) We use an U-Net architecture follow-

ing Dhariwal & Nichol (2021) but extending it to videos. (b) We use a factorized spatial-temporal convolution
kernel Sun et al. (2015) as the basic building block. Dashed lines in both gures represent residual connec-
tions (He et al., 2016).

undergoes two consecutive convolution operations. First, we apply a spatial convolution identically
and independently to each time step 1;2; ;T. Then, we employ a temporal convolution layer
identically and independently at each spatial location. This factorized spatial-temporal convolution
replaces conventional 3D convolution methods, leading to signi cant improvements in training and
inference ef ciency without sacri cing generation quality. More details on the model architecture
and training can be found in Section F.

3.2 H.ow PrREDICTION

To regress actions from predicted videos, we leverage ow prediction as an intermediate representation.
We employ off-the-shelf GMFlow, a transformer architecture speci cally designed for optical ow
prediction (Xu et al., 2022). Given two consecutive frarimg andimg,, predicted by the video
diffusion model, GMFlow predicts the optical ow between two images as a vector eld on the image,
which is essentially a pixel-levelense correspondence mbgtween two frames. This allows us to

track the movement of each input pixel with a simple integration of this vector eld over time.

Alternatively, one could train diffusion models to directly predict the ow by rst preprocessing
training videos with the ow prediction model. However, in our experiments, we encountered
challenges in optimizing such models and observed that they failed to match the performance
achieved by the two-stage inference pipeline. We conjecture that this dif culty arises from the lack
of spatial and temporal smoothness in ow elds. For instance, the ow eld is sparse when only a
single object moves. Consequently, the Gaussian diffusion model may not be the optimal model for
ow distributions. We empirically compare two alternatives in subsequent experiments.

3.3 ACTION REGRESSION FROMFLOWS AND DEPTHS

Based on the predicted ow, which essentially gives us a dense prediction of pixel movements, we
can reconstruct object movements and robot movements in the video. Our key insight is to, given
the 3D information (depth) of the input frame and dense pixel tracking, reconstruct a sequence of
3D rigid transformations for each object. In this work, we explore two different settings: predicting
object transformations assuming a xed camera ( xed-camera object manipulation) and predicting
camera (robot) movement assuming a static scene (visual navigation).

Predict object-centric motion. We rst consider predicting 3D object motions in videos assuming

a xed camera. We represent each object as a set of 3D plotngs The points corresponding to

the object of interest will be extracted by external segmentation methods, such as a pretrained image
segmentation model, or simply speci ed by the human. Given the camera intrinsic matrix and the
input RGBD image, we can compute the initial 3D positions of these pointsT;Legnote the rigid

body transformation of the object at time stepelative to the initial frame. We can express the
projection of a 3D point onto the image plane at time $tapKTx = (U¢; V¢; d;), whereK is the

camera intrinsic matrix. Furthermore, the projected 2D point on fraiméhus(u; =d ; vi=d).

The optical ow tracking provides us with the projection of the same point in framspeci cally
u;=ct andv;=c. By tracking all points irf x;g, we can nd the optimal transformatiof; that
minimizes the following L2 loss:

P kT, (KT 1x1),

— i ! —t2
Lrrans= Ui (KT (xi)3 Vi (KT txi)3

2 2’
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where(ul; v}) is the corresponding pixel of poist in framet, and(KTx;); denotes thé-th entry
of the vector. It's worth noting that even if we do not directly obsedyehis loss function remains
well-formed based on the assumption thatepresents a rigid body transformation.

During execution, we rst extract the mask of the object to manipulate and use the dense correspon-
dences in predicted videos to compute the sequence of rigid body transformations for the object.
Next, given inferred object transformations, we can use existing off-the-shelf robotics primitives to
generalizably infer actions in the environment. In particular, if the object is graspable, we randomly
sample a grasp on the object and then compute the target robot end-effector pose based on the target
object pose and the grasping pose. When the object is not directly graspghle @oor), we

similarly sample a contact point and use a push action to achieve the target object transformation.

We treat the grasp/contact point as the rst subgoal. Then, we iteratively apply the computed
transformation on the current subgoal to compute the next subgoal until all subgoals are computed.
Next, we use a position controller to control the robot to reach the subgoals one by one. More
details on inferring robot manipulation actions can be found in Section H.1. In contrast to our
approach, directly learning explicitly regress actions using a learned inverse dynamics requires a
substantial number of action labels so that a neural network can learn existing knowledge such as
inverse dynamics, grasping and motion-planning.

Inferring Robot Motion. The similar algorithm can also be applied to predict robet,(the camera)
motion assuming all objects are static. Due to the duality of camera motion and object motion, we
can use exactly the same optimization algorithm to Taidobject-centric motion), and the camera
motionC, = (T;) ®. Concretely, we make the following modi cations to adapt AVDC to navigation
tasks. (1) The video diffusion model is trained to duplicate the last frame once the object is found.
(2) Instead of tracking objects, we utilize the optical ow of the whole frame to estimate the rigid
transformations between frames. (3) Based on the calculated rigid transformations, we simply map
the transformations to the closest actions, detailed in Section H.2.

Depth Estimation. We can reconstruct 3D object or robot trajectories solely from the depth map of the
initial frame (.e., the subsequent depth maps is not required). By leveraging dense correspondences
between frames and assuming rigid object motion, we can reconstruct accurate 3D trajectories. This
holds signi cant advantages as it enables us to train video prediction models exclusively using RGB
videos, allowing for learning from online sources like YouTube, and only requires an RGB-D camera
(or monocular depth estimator) at execution time. By eliminating the dependence on depth maps
from subsequent frames, our system is signi cantly more adaptable to various data sources.

Replanning Strategy.After inferring the object or robot trajectories, we can execute the trajectory
using a position controller in an open-loop manner. Yet, it can suffer from accumulated errors. As the
planning horizon increases, the accuracy of predicted object locations diminishes due to combined
errors in video synthesis and ow prediction. To mitigate this issue, we propose a replanning strategy.
If the robot movement is smaller than 1mm od&rconsecutive time steps while the task has not been

ful lled, we re-run our video generation and action prediction pipeline from the current observation.

4 EXPERIMENTS

We describe the baselines and the variants of our proposed method AVDC in Section 4.1. Then,
we compare AVDC to its variants and the baselines on simulated robot arm manipulation tasks

in Meta-World (Figure 4a) in Section 4.2 and simulated navigation tasks in iTHOR (Figure 4b)

in Section 4.3. Note that although it is possible to obtain ground-truth actions from demonstrations in
these two domains, our method does not use these actions; instead, these actions are only used by the
baselines to provide an understanding of the task dif culty. Then, Section 4.4 evaluate the ability of
AVDC to control robots by learning from out-of-domain human videos without actions, as illustrated

in Figure 4c. In Section 4.5, we leverage the Bridge dataset (Figure 4d) and evaluate AVDC on
real-world manipulation tasks with a Franka Emika Panda robot arm (Figure 4e). Extended qualitative
results can be found in Section B and additional experimental details can be found in Section H.

4.1 BASELINES AND VARIANTS OF AVDC

Baselines.We compare AVDC to a multi-task behavioral cloning (BC) baseline given access to a
set of expert actions from all video$5 216 labeled frame-action pairs in Meta-World a&d’57
in iTHOR), which are unavailable to our method. This baseline encodes the RGB observation to a
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