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Abstract

Learning robot control policies from human videos is a promising direction for
scaling up robot learning. However, how to extract action knowledge (or action
representations) from videos for policy learning remains a key challenge. Existing
action representations such as video frames, pixelflow, and pointcloud flow have
inherent limitations such as modeling complexity or loss of information. In this
paper, we propose to use object-centric 3D motion field to represent actions for
robot learning from human videos, and present a novel framework for extracting
this representation from videos for zero-shot control. We introduce two novel
components in its implementation. First, a novel training pipeline for training
a “denoising” 3D motion field estimator to extract fine object 3D motions from
human videos with noisy depth robustly. Second, a dense object-centric 3D mo-
tion field prediction architecture that favors both cross-embodiment transfer and
policy generalization to background. We evaluate the system in real world setups.
Experiments show that our method reduces 3D motion estimation error by over
50% compared to the latest method, achieve 55% average success rate in diverse
tasks where prior approaches fail (< 10%), and can even acquire fine-grained
manipulation skills like insertion.
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Figure 1: We propose a novel framework for robot learning from human demonstration videos without
relying on any robot-collected data. Our approach learns to control robots by extracting and modeling
3D object motion fields from RGBD human videos.

1 Introduction

Data is the primary bottleneck in robot learning — collecting large-scale high quality robotic data in
real world at scale for training control policies is not only expensive but also mentally challenging for
humans in complex tasks [T} [55]]. Recently, human-object interaction videos stand out as a particularly
promising avenue to overcome this challenge. These videos are not only scalable—given the vast
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Figure 2: Overview of proposed learning framework. We rst pretrain a 3D motion eld estimator in
simulation (Phase I) and use it to estimate the 3D motion elddisyRGBD human videos (Phase
[I-A). Then, we train policies to predict the estimated 3D motion eld and use them to control
robots in a zero-shot manner (Phase II-Bilike existing 3D tracking works that assume depth as a
groundtruth reference, we recover accurate 3D object motion from noisy depth.

amount of footage available from internet or wearable device recordings — but they also capture
rich, naturalistic demonstrations of complex tasks. Moreover, collecting data through human hands is
inherently easier, cheaper, and more intuitive than through robotic teleoperation/[44, 8, 39].

Due to this data collection challenge, many works look into the feasibility of using real-world action-
free videos for robot learning. Some recent works, such as UgjRnd UniSim [B4], directly apply

video prediction for control, which essentially view future video frames as action representations
and use inverse dynamics model to translate the predicted future frame to actions. Although this line
of work achieved some preliminary success, video frames turn out to be an overly noisy, redundant
action representation, which not only unnecessarily complicates training and inference but also makes
policy non-robust due to blurry details in videos. Therefore, recent works also explored more compact
action representations extracted from videos, such as pixel#8png2, (3], point-cloud ow [59],

and SE(3) pose transformatiabf]. Nevertheless, each of these representations suffers from certain
drawbacks. Pixel- ow is a 2D representation and drops the important 3D movement information for
recovering actions. Point-cloud 3D ow is noisy and cannot represent motion accurately. SE(3) pose
extraction relies on object 3D models and limits themselves to rigid bodies. We refer readers to the
related works (Section 6) for a complete discussion and comparisons. In conclusion, so far, it remains
unclear what serves as a good and feasible action representation for video-based robot learning.

In this work, we propose to use an object-centric 3D motion eld representation as the action
representation for control. Speci cally, it is a dense position and motion eld over the object pixels

in the input image, representing how each observable point on an object should move in each
task (Figure 2). This action representation has many advantages compared to previous works: 1. It
preserves minimal suf cient 3D information for robot control; 2. It is a image-based representation
and allows the use of well-studied powerful image generative models; 3. It is object-centric and
embodiment-agnostic, simplifying cross embodiment transfer; 4. Its extraction fully depends on
RGBD video and does not assume additional information like object 3D models.

While it may sound appealing, extracting such information from video turns out to be challenging.
Although it is relatively simple to extract accurate 2D pixel ow movement part using the latest
tracking model, the depth channel is full of noisy measurement values (e.g. missing or wrong values)
and directly using the raw depth values with for computing 3D motion will only result in inaccurate
motion. Our key insight is that we can build a “denoising” 3D motion eld estimator to reconstruct

3D position and motion ow robustly from the noisy depth measurement with simulation data, as
depth noise has some easy-to-simulate characteristics. Since this task is fully geometrical and does



not involve complex RGB textures, this simulation-trained estimator can transfer to real world well.
Utilizing this, we can train control policies to predict reconstructed high-quality 3D motion ow,
which is then translated to robot actions in downstream tasks for control. We evaluate our proposed
components and system in several real world object manipulation and tool-use tasks. Our system
reduces 3D motion eld estimation error by over 50% compared to latest works and achigvés
zero-shot success rate on average where prior approaches fall. sH@%4). Remarkably, we also

show that the policy trained solely on human (hand) videos is capable of performing ne-grained
manipulations, such as precise insertions — a level of skill not previously shown in this setting.

In summary, our main contributions are as follows. 1). We propose to use object-centric 3D motion
eld for robot learning from videos and present a novel learning framework for extracting this
representation for control. 2). We present a simple and novel architecture that can learn to see and
predict object-centric 3D motion eld in the real world for control. With this, we can teach robots
new skills with human videos as tlealy training data. 3). We validate our proposed components in

the real world. We demonstrate that our motion extraction pipeline can signi cantly reduce motion
estimation error by over 50%. For its robotics application, we signi cantly outperformed existing
approaches and show that our policies trained solely on human videos can achieve negrained
manipulation skill for the rst time, demonstrating the potential of video-based robot learning.

2 Preliminaries

2.1 What Can Be Learned from Videos?

We begin by discussing what knowledge can be learned from videos and why we focus on extracting
and learning object movements. Recently, some works propose to extract low-level human nger
movement from videos and aim at directly retargeting them to roBdis3p, 32, 20, 21]. Although

this might be a feasible approach if robot embodiment is highly similar to human hand, we argue that
learning direct embodiment control is both unnecessary and challenging. On one hand, the ultimate
knowledge we want to learn is how each object in the view should move in each task, and it does not
matter too much how we control a robot to generate such object movement as long as we can achieve
it. The state-of-the-art robots have built-in functionality to realize arbitrary object movements: i.e.,
by calling well-established foundational grasping policy and task-space SE(3) movement commands,
and therefore we should focus on extracting object motion. On the other hand, generating reliable
action through naive retargeting is haf®[ 24]. In some cases, the movement performed by a human
hand might not be realizable by a robot (e.g. when robot has different or fewer ngers) and action
retargeting will be unde ned. Actually, existing methods typically require the human hand to act as a
gripper and avoid in-hand manipulations in the training videos. This is not natural for human at work
and introduces extra burdens. We conclude with the following assumption and proposal.

Assumption 1 We assume we have access to a reliable robot grasping/ungrasping (i.e. object
attaching/detaching) policy. This is a reasonable assumption given success in previous work on robot
grippers [11] or hands [60]. Different robot embodiment should have their speci ¢ grasping policy.

Proposal We propose to focus on extracting and learning object 3D motions for rofpot
learning from videos. Combining an object ow prediction model with the assumed grasp|ng
policies above, a robot can solve a wide range of tasks.

2.2 Necessity of Depth Perception

To extract the object 3D motion from video effectively, we assume RGBD videos as training data.
While there is growing interest in leveraging RGB-only information for action extraction, we argue
that incorporating depth information is necessary for accurate estimation and learning. Otherwise,
there exist in nitely many 3D transformations to realize observed pixel motion. Even if we assume
some priors over underlying 3D movement, this is still extremely challenging and brittle. For example,
suppose that we have a po{X; 0; Z) in the camera frame and it is translating alaagxis. Our

goal is to recover this smatlaxis motion Z from pixels. Assuming a pinhole camera with focal
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lengthf, the observed pixel movement araxis is Xp = =~ 5 -z Z,and we

However, we may require some “functional knowledge” as constraints: e.g. do not hold the sides of a
cup/ should grasp the tool handle. Therefore in the long run, besides object motion, we also need to consider
extracting contact (semantical affordance).



rearrange itas Z = % Xp. The problem is that x, might be noisy in practice and it can

lead to huge estimation error inZ due to the large slopeZ?=fX , especially neaX =0 (i.e.

when the camera is looking at the object), and even a 1-pixel error can result in over 1 centimeter
difference! This error is disastrous for robot manipulation task requiring high accuracy — to overcome
this we need robust subpixel-level trackers. Although this might be possible in the future, having
RGBD video instead of RGB video can make learning much easier. Therefore:

Assumption 2 We require access to RGBD videos collected through pinhole cameras with known
camera intrinsics (i.e. camera focal lengihf, and centecy; ¢, ), instead of general RGB videos
collected by unknown camera with distortions. Although it might seem like a waste not to reuse RGB
videos already available on the internet, accumulating new RGBD videos can be easier than one may
think of — Million hours of videos are being produced every day] and many existing daily camera
devices are already equipped with depth sensing (e.g. latest mobile phones and wearable devices).

2.3 3D Motion Field

As we have discussed, our goal is to extract an object-centric 3D motion eld from RGBD videos for
control. In this paper, a 3D motion eldp, 23, 40] is a dense, image-based representation de ned
as follows.

De nition (3D Motion Field) GivenapairoH W imaged ;|1 (current frame and next frame),
the 3D motion eldF of | is de ned as 4-channel image tensorR W 4. The rst channel

F[:; :; O], denoted a& geptn , is the depth value of each pixel ig. The remaining three channels
F[:;:;1: 4], denoted a&motion , represent the underlying 3D movement of each pixel between the 2
frames under thé; camera frame.

Note that we include depth in this de nition. Then, given the camera intrinsics and the 3D motion
eld, we can reconstruct the position and movement of every pixel in the 3D space.

3 Phase I: Seeing 3D Motion Field in Noise

Our rst step is to extract accurate 3D motion elds from noisy RGBD videos. We rst discuss a very
simple pipeline for this purpose as suggested by latest wé8tsahd its fundamental limitations,

and then we introduce our improved approach. The discussion below assumes the depth observation
of two consecutive imagdsg andl 1, and a dense pixel correspondence computed by a video tracker.

3.1 Direct Approach

We rst assigns the camera depth to thgpn = F[:;:; 0] depth channel. Then, we run a pixel
tracker (e.g. Cotracked[]) to decide the pixel correspondence betwegandl ;. Let a pixel(x;y)

in I o correspond tgx% yY) in 11. Since we have camera intrinsics and their depth valuaadZz°,

we apply camera inverse projection to get their 3D coordin@te¥; Z) and(X % Y% z9, and set
Fmotion = FIy;%;1:4]=(X%Y%Zz9% (X;Y;Z),i.e., the 3D space movement. The procedure
above assumes a static camera but it also applies to moving camera (trap$foms; 29 to 1o
coordinate frame rst).

The direct method can be effective if we have perfect depth and perfect tracker, but unfortunately,
this is untrue in practice. First, the commonly used depth cameras are sensitive to lighting and
particularly erroneous when it comes to moving objects — there are numerous holes (missing values)
and white noises across the depth image. Second, even if we might have high quality learning-
based binocular depth sensing method to improve the depth accuracy, noises from the pixel tracker
can also lead to signi cant errors in motion. For instance, if the pixel tracker mistakenly maps a
foreground object pixel img to a background pixel or a hidden pixel in the next framéwhich

is common for object boundary pixels), we will obtain incorrect deplland consequently wrong
X%andY%asX?= z%%f, andY®= Z%%f,. In both cases, we will obtain a wrong motion

eld. Due to this, prior works typically use intensive heuristics-based lItering to reduce outliers in
observations. Nevertheless, heuristics-based Itering can be unreliable, hence not eliminating the
problem thoroughly. This will result in a noisy motion eld representation and make the subsequent
prediction a hard problem.

3.2 Our Improved Approach: Learning to See 3D Motion Field

To remedy this issue, we propose to learn a 3D motion eld estimator to reconstruct the groundtruth
smooth 3D motion eld with the noisy sensor measurements. As shown in Figure 2 and 4, the



Figure 3: (Left) Phase | Synthetic Data Generation. We randomly generate object and 3D motions,
and use ray casting and projection to obtain 3D pixel ow input and the 3D motion eld label.
(Middle) Random Obijects for Data Generation. (Right) Depth Samples and Data Augmentations.

Figure 4: Model Architecture. The most important design is a dense intrinsics map feature concate-
nated to the input, which contains key information for reconstructing the groundtruth 3D ow. Note
that Phase | and Il train separate models: Phase | uses noisy object depth and 3D pixel ow as input
and Phase Il uses segmented RGBD and a noisy 3D motion eld (in the case of Diffusion Model).
For Phase |, we also use a validity mask value channel to indicate which feature values are de ned.

main inputs to this model are noisy dense object 3D pixel ow (2D pixel owy(-axis) and depth

ow ( z-axis)) and the noisy depth image. The output is the reconstructed 3D motion eld. Since all
the input and output information are geometrical (no RGB textures), we propose to use a simulator to
generate training data due to minimal sim-to-real gap for geometrical data. The dataset, model, and
training method are as follows.

Dataset Generation We use the objects in the ShapeNet data§edid some randomly generated
regular rigid bodies as training objects. We rescale all the objects to regular daily object sizes, which
is about 4 20cm on each dimension. Then, we randomly generate a camera with a random eld of
view (FoV) between 4055 (common camera FoV), and randomly place the object in the camera
view to render the initial depth frame. Then, we generate a random twist m®torf v; w] to

move (translate and rotate) this object for several steps. We calculate both the 3D pixel movement and
the groundtruth 3D motion of each observed pixel in the initial frame through ray casting followed by
transformations as shown in Figure 3. We generate 8M samp&&6at 256 resolution for training,

which can be produced with 1 NVIDIA L40 GPU in less than 12 hours.

Data Augmentation During training, we use diverse data augmentations to simulate the noise effect
of each sensor observations, and the underlying idea is relevant to the Denoising Autoefi@oder [
which reconstructs signals from sensor noises for downstream processing. The most common noise
for depth is random missing values, white noises, and wrong values (especially for moving objects),
and we apply these effects on the depth image. For the pixel ow input, since we nd existing trackers
are usually off by a few pixels, we apply random Gaussian noise as augmentation. Besides, we also
apply random dropout on the pixel ow input, i.e., only using part of the ow vectors for prediction.
This also allows us to use partial, sparse pixel ow for inferring 3D motion eld, so that we can speed
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