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Controlling diverse robots by inferring 
Jacobian fields with deep networks

Sizhe Lester Li1 ✉, Annan Zhang1, Boyuan Chen1, Hanna Matusik1, Chao Liu1, Daniela Rus1 & 
Vincent Sitzmann1 ✉

Mirroring the complex structures and diverse functions of natural organisms is a 
long-standing challenge in robotics1–4. Modern fabrication techniques have greatly 
expanded the feasible hardware5–8, but using these systems requires control software 
to translate the desired motions into actuator commands. Conventional robots can 
easily be modelled as rigid links connected by joints, but it remains an open challenge 
to model and control biologically inspired robots that are often soft or made of 
several materials, lack sensing capabilities and may change their material properties 
with use9–12. Here, we introduce a method that uses deep neural networks to map a 
video stream of a robot to its visuomotor Jacobian field (the sensitivity of all 3D points 
to the robot’s actuators). Our method enables the control of robots from only a single 
camera, makes no assumptions about the robots’ materials, actuation or sensing,  
and is trained without expert intervention by observing the execution of random 
commands. We demonstrate our method on a diverse set of robot manipulators that 
vary in actuation, materials, fabrication and cost. Our approach achieves accurate 
closed-loop control and recovers the causal dynamic structure of each robot. Because 
it enables robot control using a generic camera as the only sensor, we anticipate that 
our work will broaden the design space of robotic systems and serve as a starting point 
for lowering the barrier to robotic automation.

Modern manufacturing techniques promise a new generation of 
robotic systems inspired by the diverse mechanisms seen in nature. 
Whereas conventional systems are precision engineered from rigid 
parts connected at discrete joints, biologically inspired robots gener-
ally combine soft, compliant materials and rigid parts, and often forgo 
conventional motor-driven actuation for pneumatic and muscle-like 
actuators9. Previous work has demonstrated that such hybrid soft–rigid 
systems can already outperform conventional counterparts in certain 
environments in which adaptation to changing circumstances13,14 or 
safety in co-working with humans is key15. Furthermore, these systems 
are amenable to mass production, some requiring no human assem-
bly6, and may thus substantially lower the cost and barriers to robotic 
automation16. However, the use of bio-inspired hardware is hindered 
by our limited capability to model these systems, because any robotic 
system needs to be paired with a model that can accurately predict the 
motion of key components, such as the end-effector, under all possible 
commands at all times.

Conventional robots were designed to make their modelling and 
control easy. They are usually constructed from precision-machined 
parts fabricated from high-stiffness materials with Young’s moduli in 
the range 109–1012 Pa (ref. 9). Connected by low-tolerance joints, these 
rigid robots are adequately modelled as a kinematic chain consisting of 
idealized rigid links. Accurate sensors in every joint then allow a faithful 
3D reconstruction of the robot during its use. With this in place, an expert 
can reliably model the motion of the robot under all possible motor 
commands and design control algorithms to execute desired motions.

By contrast, the bodies of soft and bio-inspired robots are difficult to 
model. They are typically made of materials that match the stiffness of 
soft biological materials such as tissue, muscles or tendons5,9,17. These 
materials undergo large deformations during actuation and exhibit 
time-dependent effects, such as viscoelasticity and gradual weakening 
through repeated loading and unloading. Partial differential equations 
that govern the behaviour of soft materials derived from continuum 
mechanics and large deformation theory are costly to solve, especially 
for control and real-time applications. Model order reduction meth-
ods, geometrical approximation methods and rigid discretization 
methods rely heavily on simplifying assumptions about the specific 
system and do not universally generalize10–12,18. Previous work has lev-
eraged machine learning19–23 and marker-based visual servoing 24–27 to 
overcome these challenges, but they require extensive expert-guided 
customization to be applied to a particular robot architecture. Further-
more, high-precision motion-capture systems (for example, OptiTrack, 
VICON and Qualisys) are costly, bulky and require a controlled setting 
for their use. Other work has explored neural scene representations 
of robot morphology28, but this assumes precise embedded sensors 
not available in soft and bio-inspired robots and relies on 3D motion 
capture for fine-grained control. What is required is a general-purpose 
control method that is agnostic to the fabrication, actuation, embedded 
sensors, material and morphology of the robotic system.

The work in this article was inspired by human perception. Control-
ling robots with a video-game controller, people can learn to pick and 
place objects within minutes29. The only sensors we require are our 
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eyes. From vision alone, we can learn to reconstruct the robot’s 3D 
configuration and to predict its motion as a function of the control 
inputs we generate.

In this article, we introduce visuomotor Jacobian fields, a machine- 
learning approach that can control robots from a single video-camera 
stream. We trained our framework using 2–3 hours of multi-view vid-
eos of the robot executing randomly generated commands captured 
by 12 consumer-grade RGB-D video cameras. No human annotation 
or expert customization is necessary to learn to control a new robot. 
After training, our method can control the robot to execute the desired 
motions using only a single video camera. Relying on vision as the only 
sensor, visuomotor Jacobian fields do not make assumptions about 
the kinematics, dynamics, material, actuation or sensing capabilities 
of the robot. Our method is uniquely enabled by recent advancements 
in computer vision, neural scene representation and motion tracking.

We evaluate visuomotor Jacobian fields on a wide range of robotic 
manipulation systems, specifically a 3D-printed hybrid soft–rigid pneu-
matic hand30, a compliant wrist-like robotic platform made of handed 
shearing auxetics (HSAs)31, a commercially available Allegro Hand with 
16 degrees of freedom, and a low-cost educational-robot arm32. Across 
all these systems, we show that our method reliably learns to recon-
struct their 3D configuration and predict their motion at all times.

Our method unshackles the hardware design of robots from our abil-
ity to model them manually, which in the past has dictated precision 
manufacturing, costly materials, extensive sensing capabilities and 
reliance on conventional, rigid building blocks. Our method therefore 
has the potential to substantially broaden the design space of robots 
that can be deployed in practice, as well as lowering the cost and barri-
ers to adopting robotic automation by enabling the precision control 
of low-cost robots.

The visuomotor Jacobian field
Our framework comprises two key components: first, a deep-learning- 
based state-estimation model that infers a 3D representation of 
the robot that encodes both its 3D geometry and its differential 
kinematics—how any point in 3D will move under any possible robot 
command—from only a single video stream; and second, an inverse 
dynamics controller that parameterizes desired motions densely in 
the 2D image space or 3D, and finds robot commands at interactive 
speeds. We found that parameterizing demonstration trajectories as 

dense point motions is the key to controlling a diverse range of robotic 
systems, because the motions of deformable and dexterous robots 
cannot be well constrained by rigid transformations specified on a 
single 3D frame. Our parameterization enables a wide range of systems 
to imitate video-based demonstrations. A schematic overview of the 
system we used is shown in Fig. 1.

The state-estimation model is a deep-learning architecture that 
maps a single image, I, of the robot to a 3D neural scene representa-
tion. This 3D representation maps any 3D coordinate to features that 
describe the robot’s geometric and kinematic properties at that 3D 
coordinate33–35. Specifically, we reconstruct both a neural radiance 
field33, which encodes the robot’s 3D shape and appearance at every 
3D coordinate, and an innovative visuomotor Jacobian field, which 
maps each point in 3D to a linear operator that expresses that point’s 3D 
motion as a function of robot actuator commands. The neural radiance 
field maps a 3D coordinate to its density and radiance, which serves as 
a representation of the geometry of the robot.

The visuomotor Jacobian field encodes how any 3D coordinate will 
move as a function of any possible actuator command. It serves as a 
representation of the differential kinematics of the robot and general-
izes the conventional system Jacobian in robotics. Robots are conven-
tionally modelled by designing a dynamical system that has state  

Rq ∈ m, input command ∈ nu R  and dynamics q+ = f(q, u), where  
q+ denotes the state of the next time step. The system Jacobian 
J q u f q u u( , ) = ∂ ( , )/∂  is the matrix that relates the change of command 
u to the change of state q, which arises from the linearization of f around 
the nominal point q u( , ), as ∣δ δ= ,q J uq u . This approach relies on experts 
to design the system’s state encoding q and dynamics f on a case-by-
case basis. Although this is feasible for conventional robots, it is chal-
lenging for hybrid soft–rigid, insufficiently sensorized and under- 
actuated systems, or systems with significant backlash, that is, play or 
‘wiggle’ caused by loose tolerances of joints and gears resulting from 
imprecise manufacturing36,37.

Our visuomotor Jacobian field instead directly maps any 3D point x 
to its corresponding system Jacobian. Instead of conditioning on an 
expert-designed state representation q, the Jacobian field is recon-
structed directly from the input image I by deep learning38. As shown 
in the Supplementary Information, our 3D Jacobian parameterization 
injects linearity and spatial locality inductive biases that are essential 
for generalization to unseen robot configurations and motor com-
mands. Specifically, ( , ) = ∂ /∂J x I x u describes how a change of actuator 

Fig. 1 | Controlling robots from vision using the visuomotor Jacobian field. 
a, Reconstruction of the visuomotor Jacobian field and motion prediction. 
From a single image, a machine-learning model infers a 3D representation of 
the robot in the scene, which we name the visuomotor Jacobian field. It encodes 
the robot’s geometry and kinematics, enabling us to predict the 3D motions of 
robot surface points under all possible commands. Colours indicate the 

sensitivity of that point to individual command channels. b, Closed-loop 
control from vision. Given desired motion trajectories in pixel space or in 3D, 
we use the visuomotor Jacobian field to optimize for the robot command that 
would generate the prescribed motion at an interactive speed of approximately 
12 Hz. Executing the robot command in the real world confirms that the desired 
motions have been achieved.
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state δu relates to the change of 3D motion at coordinate x, through 
δx = J(x, I)δu. This allows us to densely predict the 3D motion of any 
point in space using δx = J(x, I)δu. Figure 1a and Fig. 2b,d,f,h illustrate 
the 3D motions predicted by our Jacobian field across a range of robot 
platforms.

To reconstruct visuomotor Jacobian and radiance fields, we rely on 
a neural single-view-to-3D module38. By reconstructing both robot 
geometry and kinematics directly from a camera observation, our state 
estimation model is agnostic to the sensors embedded in the robot. 
Instead of expert-modelling the relationship between motor and sensor 
readings and the 3D geometry and kinematics of the robot, our system 
learns to regress this relationship from data directly.

Our state estimation model was trained in a self-supervised way 
using video streams from 12 RGB-D cameras that observed the robot 
executing random commands from different perspectives. We provide 
a detailed illustration of the training process in Extended Data Fig. 1. 
For each camera stream, we extracted 2D motion using optical flow and 
point-tracking methods. At every training step, we selected one of the 
12 cameras as input for our reconstruction method. From this single 
input image, we reconstructed the visuomotor Jacobian and radiance 
fields that encode the robot’s 3D geometry and appearance. Given a 
robot command, we used the Jacobian field to predict the resulting 3D 
motion field. We used volume rendering33 to render the 3D motion field 
to the 2D optical flow of one of the other 12 cameras and compared it 
with the observed optical flow. This procedure trains the Jacobian field 
to predict robot motion accurately. We further volume rendered the 
radiance field from one of the 12 cameras and compared the RGB and 
depth outputs with the captured RGB-D images, which trained our 
model to reconstruct accurate 3D geometry. Differentiable render-
ing35,39,40 is a convenient and effective source of 3D supervision, but 
alternative sources of 3D supervision could be equally effective, as 
discussed in the Supplementary Information.

When deployed, our framework can solve for commands that 
implement a given 3D or 2D image-space motion trajectory, enabling 
two applications in robot manipulation. The ability to translate 2D 
image-space motions into robot commands is meaningful for general 
imitation learning. As validated in Figs. 3 and 4, tracking 2D image-space 
trajectories enables robot manipulation in the face of changing robot 
dynamics and scene appearances resulting from factors such as exter-
nal loads, physical wear and tear and occlusions. To solve for a robot 
command, we used Jacobian fields to solve the optimization problem 
(Fig. 1b) to find the best robot command that produces the desired 
2D motion. We translated robot videos to reference trajectories by 
extracting robot surface point tracks. As described in the Supplemen-
tary Information, a simple model predictive control (MPC) algorithm 
achieves closed-loop trajectory tracking.

For the 3D application, our framework enables demonstration 
transfer between viewpoints. A video recorded from a viewpoint that 
is no longer available at deployment time can still be used for trajectory 
following. Our model achieves this by lifting each 2D video frame to 
a 3D particle state, translating the video to a 3D trajectory. Given the 
new camera viewpoint at deployment time, our model lifts the current 
observation into the 3D particle state that is consistent with the 3D 
demonstration trajectory. We achieve 3D trajectory tracking using the 

same MPC algorithm and changing only the cost function to 3D shape 
distance, as described in the Supplementary Information.

We demonstrated the capabilities enabled by our framework by 
controlling robotic systems that covered diverse types of material, 
varying kinematic complexity and different price points. In summary, 
we controlled a US$300 3D-printed hybrid soft–rigid pneumatic hand 
mounted on a conventional robot arm, a soft parallel manipulator made 
from handed shearing auxetics, a rigid Allegro hand with 16 degrees 
of freedom, and a manually assembled DIY robot arm with 3D-printed 
parts, low-cost motors and substantial backlash37,41.

As shown in Fig. 2, for each of these challenging robotic systems, 
visuomotor Jacobian fields succeeded in reconstructing an accurate 
3D representation of the respective robot from just a single image 
(Supplementary Video 1). We assigned a unique colour to the influence 
of each channel of the n-dimensional motor command and visualized 
the Jacobian field. We found that our Jacobian field learnt the causal 
kinematic structure of each robot, identifying which command chan-
nel was responsible for actuating which part of the robot in 3D space. 
This capability arose fully self-supervised, without any annotation or 
supervision that would match motors with robot parts. We qualitatively 
found that 3D motions predicted by our framework given robot com-
mands highly agreed with the ground truth reference motions (Fig. 2). 
Quantitatively, our method reconstructed high-quality geometry and 
dynamics from just a single RGB input view across robotic systems 
(Extended Data Table 1). For perception, the mean depth-prediction 
error was largest for the pneumatic hand (6.519 mm) and smallest 
for the HSA platform (1.109 mm). The pneumatic hand was actuated 
through translucent tubing that could pose challenges to geometry 
prediction. For flow prediction, our framework achieved mean pre-
diction errors of 1.305 pixels and 1.150 pixels on the Allegro hand and 
pneumatic hand, respectively. The Poppy robot arm had the most 
significant mean flow prediction error of 6.797 pixels, because the 
hardware constantly experienced backlash resulting from low-quality 
hardware. Our method could model the rotational and bending mecha-
nisms of the HSA platform and achieved a mean flow prediction error 
of 3.597 pixels. Furthermore, we found that predicted Jacobians closely 
matched the references computed by expert-crafted kinematic models 
(Fig. 4f, Extended Data Fig. 6 and Extended Data Table 4). In Extended 
Data Fig. 5, Extended Data Table 3 and Supplementary Information, we 
benchmark Jacobian fields with a pure neural-network-based 3D scene 
flow prediction method in real-world and simulated environments, 
demonstrating that our method is key to generalizing to unseen robot 
motion and motor commands at test time. In Extended Data Fig. 3, we 
demonstrate our system’s robustness against visual occlusions.

We next evaluated the performance of our method for closed-loop 
control. For the Allegro hand, we prescribed the controller with a 2D 
trajectory that tracked a desired pose (Fig. 3b). On completion of 
the trajectory, we quantified error using the built-in, high-precision 
per-joint sensors and the hand’s precise 3D forward kinematics model. 
Purely from vision, our system controlled the Allegro hand to close 
and open every finger fully, achieving errors of less than 3° per joint 
and less than 4 mm for each fingertip (Fig. 4d, Extended Data Table 1 
and Extended Data Fig. 2). We demonstrated on the HSA platform 
that our system can successfully control robots under substantially 
changed dynamics without retraining. We intentionally disturbed the 

Fig. 2 | Reconstruction of robot geometry and kinematics from a single 
image. a,c,e,g, Visualization of the reconstructed Jacobian and radiance fields 
(centre) and comparison of reconstructed and measured geometry (sides) 
from a single input image. Colours indicate the motion sensitivity of the 3D 
point to different actuator command channels, meaning that our system 
successfully learns correspondence between robot 3D parts and command 
channels without human annotations. We show depth predictions (Pred. Dep.) 
next to measurements from RGB-D cameras (True Dep.), demonstrating the 
accuracy of the 3D reconstruction across all systems. Pred. Jac., predicted 

Jacobian. b,d,f,h, The 3D motions predicted using the Jacobian field. We display 
the motions predicted using the visuomotor Jacobian field (solid circles) for 
various motor commands next to reference motions reconstructed from  
video streams using point tracking (dashed circles). Reconstructed motions 
are qualitatively accurate across all robotic systems. Although we manually 
colour-coded the command channels, our framework associates command 
channels with 3D motions without supervision. N, S, E and W are north, south, 
east and west, respectively.
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HSA platform by attaching calibration weights with a total mass of 
350 g to a wooden rod, which we glued to the top of the HSA platform. 
The weights exerted a vertical force and a torque on the platform top, 
which made it tilt visibly in its resting position (Fig. 4a). Furthermore, 
the rod and the weights constituted a visual disturbance. We used the 
OptiTrack motion-capture system, which had less than 0.2 mm of meas-
urement error, and attached markers on the surface of the HSA platform 
to quantify the position errors in goal-pose tracking. We found that our 
vision-based framework was capable of controlling the robot to com-
plete complex rotational motions and reach the target configuration, 
achieving an error of 7.303 mm, effectively overcoming the external 
perturbation on the system’s dynamics (Fig. 4b,c and Extended Data 
Table 1). For the 3D-printed Poppy robot arm, we designed target trajec-
tories demanding the robot to draw a square and the letters MIT in the 
air. These motion sequences were out of distribution and were not in our 
training data. We attached OptiTrack markers on the end-effector of the 
robot arm to measure errors in 3D position. Our framework achieved an 
average error of less than 6 mm in the goal-pose tracking task (Fig. 4e 
and Extended Data Table 1).

We also evaluated our model’s ability to enable demonstration 
transfer between viewpoints. Our model achieved this by lifting each 
2D video frame to a 3D particle state, translating the video to a 3D 

trajectory. Quantitatively, our method achieved a low median error 
of 2.2° (Extended Data Fig. 4c).

Overall, our framework enabled precise control of diverse robotic 
systems, including both conventional rigid systems and 3D-printed 
hybrid-material systems, without expert modelling, intervention or 
other per-robot specialization of the algorithm. Figure 3 demonstrates 
how our system controlled the diverse robotic platforms towards 
executing a variety of skills. The system achieved smooth trajectories 
and succeeded in controlling the pneumatic hand mounted on the 
UR5 robot to pick up a tool from a glass and use it to push an apple. 
On the Allegro hand, our system formed a fist. On the HSA platform, 
it executed a variety of extension and rotation commands. Finally, our 
method was able to control the low-cost Poppy robot arm to trace the 
letters MIT. To sum up, across a diverse set of robots, our system could 
control these systems to perform a variety of long-term skills without 
any expert modelling or customization.

Discussion
We have presented a vision-based deep-learning approach that 
learns to control robots from vision alone, without any assumptions 
about the robot’s materials, actuation or embedded sensors. Across 

Completed motion

Reference trajectorya

b

d

f

e

c

Desired motion

Fig. 3 | Closed-loop control of diverse robots from vision. a, We controlled a 
3D-printed soft–rigid pneumatic hand to complete a grasp (top) and execute 
finger motion under the presence of occluders (bottom). b, Our method 
precisely controlled every finger of the Allegro hand to close and form a fist.  
c, We used our system to control complex rotational and bending motions on  
a wrist-like, soft-handed shearing auxetics platform. d, We controlled a soft–
rigid pneumatic hand mounted on a UR5 robot arm to accomplish a tool grasp 

and a pushing action. e, The process of assembling a low-cost, 3D-printed robot 
arm that is difficult to model and lacks sensing. f, Our method was shown to be 
robust against backlash, that is, play or ‘wiggle’ caused by loose tolerances of 
joints and gears of the Poppy robot described in ref. 41, enabling the robot arm 
to draw the letters M, I, and T in the air. These motion sequences were out of 
distribution and were not part of our training data.
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challenging robotic platforms, ranging from conventional rigid sys-
tems to hybrid soft–rigid, 3D-printed, compliant and low-cost edu-
cational robots, our framework succeeded in estimating their 3D 
configuration from vision alone, discovered their kinematic structure 
without expert intervention, and executed desired motion trajecto-
ries with high precision using a single RGB camera. Our system has 
enabled the modelling and control of 3D-printed, compliant systems 
without any human modelling and despite substantial changes in 
their dynamics, replacing a month-long expert modelling process 
that even so cannot account for changes in material, dynamics or 
manufacturing tolerances.

Our framework allowed us to control a wide range of robots from 
vision alone. For this to be feasible, it was crucial that the differential 
kinematics of the robot could be inferred from vision alone. Some 
applications of interest may violate this assumption. For instance, when 
observing mobile legged robots from an external camera, the camera 
might not observe whether a given leg is touching the ground or not, 
and thus it cannot determine the motion of the robot as a function of 
that leg’s actuation. Similarly, for dexterous manipulation, sensing 
contacts with an object is crucial. Conditioning the deep-learning-based 
inference method for visuomotor Jacobian fields on more sensors, 
such as tactile ones42–44, could effectively address this limitation. At 
test time, only a single camera was necessary to control a robot, but at 

training time, the use of visuomotor Jacobian fields currently requires 
multi-view videos.

Our method substantially broadens the design space of robots 
by decoupling their hardware from their modelling and control. We 
anticipate that our method will enable the deployment of bio-inspired, 
hybrid soft–rigid robots, which were previously difficult to model and 
control. Our method also has the potential to lower the barrier to entry 
to robotic automation by enabling the control of mass-producible, 
low-cost robots that lack the precision and sensing capabilities to be 
controlled using conventional methods. Our method does not currently 
account for second-order transients and assumes quasi-static motion. 
This is practical for a wide range of applications45, including many that 
involve dexterous hands. Nevertheless, extensions to dynamic effects46 
constitute an exciting area of future work. An in-depth discussion of our 
modelling assumptions is included in the Supplementary Information.

Online content
Any methods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions 
and competing interests; and statements of data and code availability 
are available at https://doi.org/10.1038/s41586-025-09170-0.

Fig. 4 | Quantitative analysis and resilience test. a, We modified the dynamics 
of the HSA platform. We attached a rod to the platform and appended 350-g 
weights at a controlled location, causing the platform to tilt in its resting position. 
b, Top, our framework enabled the HSA system with changed dynamics to 
complete the rotation motion. Bottom, the graph shows the distance from goal 
over time. c, Using a bird’s-eye view, we overlaid the completed 3D trajectory 
(traj.) on top of the starting configuration of the HSA platform. We compared 
the execution trajectory of our approach with the reference trajectory. This 
visualization confirmed that our method is able to counteract the physical 

effects of the weight and stabilize the motion trajectory towards the target 
path. d, The distance from goal of the Allegro hand decreased over time as we 
executed the motion plan. We measured the distance from goal using both joint 
errors in degrees and fingertip positions in millimetres. e, Top, the reference 
trajectory is shown in white and the completed trajectory in colours during a 
square drawing task. Bottom, distance from goal over time using the Poppy 
robot arm in four trajectory segments. f, Comparison of our Jacobian predictions 
with analytical counterparts computed using physics simulations47,48. Our 
method learnt consistent Jacobian measurements from raw RGB observations.
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Methods

Dataset collection
Our method is fully self-supervised and does not require any manual 
data annotation. We illustrate the data-collection process in Extended 
Data Fig. 1a. We captured multiple video streams of the robot executing 
random actions. Specifically, we set up 12 consumer-grade cameras 
(Realsense D415 RGB-D, Intel Corporation) that observed the robot 
from 12 different perspectives.

We obtained intrinsics directly from the cameras. We calibrated 
camera poses using 3-cm April tags49. We denoted the vector of motor 
set points as u. We first manually selected a safe range for each of the 
motor channels. To create a single data sample, we randomly selected 
from a uniform distribution u, executed the command and waited for it 
to settle to a steady state. We then captured images with all 12 cameras, 
and denoted the time step as t.

We then uniformly sampled a change in the motor commands, δut. 
The next step command, ut+1 = ut + δut, was then executed on the robot. 
We again captured images with all 12 cameras and denoted this as time 
step t + 1. This led to a multi-view image dataset, I I{( , . . . , )}t t t

T0 11
= 0, where 

the superscript denotes the camera index and t denotes the time step. 
Although our method does not strictly depend on it, leveraging RGB-D 
cameras that capture depth as well as colour accelerates training owing 
to further geometry supervision. Finally, we extracted 2D motion infor-
mation from this dataset using an off-the-shelf optical flow method, 
RAFT50, which used as input two consecutive video frames from one 
of the cameras and computed optical flow vt

i  between an image cap-
tured at times t and t + 1 using camera i, caused by the motor command 
δut. Therefore, for each time step t, our training dataset is a tuple of 
the following form:

I d v P K I d v P K uδ({( , , , , ), . . . , ( , , , , )}, ), (1)t t t t t t t
0 0 0 0 0 11 11 11 11 11

with RGB image It
i , depth t

id , optical flow vt
i , pose Pi and intrinsics Ki  

for the i-th camera, as well as the change in robot command δut.
Details on how we sampled robot commands during data collec-

tion, including discussion of exploration strategies and implications 
for generalization, are provided in the Supplementary Information.

Neural 3D reconstruction and neural scene representation
Given a single image, we used deep learning to reconstruct both the 
proposed Jacobian field and a neural radiance field. Both the Jaco-
bian field and the neural radiance field are functions that map a 3D 
coordinate x to the system Jacobian or the radiance and occupancy, 
respectively.

We followed pixelNeRF38 to reconstruct both these representa-
tions. Given an image ∈ H W× ×3I R  with height H and width W, we first 
extracted a 2D feature volume RW ∈ H p W p n/ × / × , where p indicates down-
sampling resulting from convolutions with stride larger than 1. Suppose 
we want to predict the Jacobian J, radiance c and density σ at a 3D coor-
dinate x. We first project that 3D coordinate onto the image plane using 
the known camera calibration as π(x). We then sample the feature 
volume at the resulting pixel coordinate using bilinear interpolation 
W(π(x)). We finally predict the Jacobian J, radiance c and density σ 
using a fully connected neural network FC:

σ π γ( , , ) = FC ( ( ( )), ( )), (2)J c W x x

where γ(x) denotes sine-cosine positional encoding of x with six expo-
nentially increasing frequencies33.

Further discussion on the limitations of pixelNeRF in occluded 
regions, including potential improvements through probabilistic 
models51 and global feature conditioning52, as well as clarifications 
regarding the coordinate system of our Jacobian field predictions, are 
provided in the Supplementary Information.

Training using differentiable rendering
We illustrate the training loop of our system in Extended Data Fig. 1b. 
In each forward pass, we sampled a random time step t and its corre-
sponding training tuple, as described in equation 1. We then randomly 
picked 2 of the 12 cameras and designated one as the source camera 
and one as the target camera. The key idea of our training loop is to 
predict both the image and the optical flow observed by the target 
camera given the input view Iinput and the robot action δut. Both image 
and optical flow of the target view are generated from the radiance 
and Jacobian fields by volume rendering33. The following discussion 
closely follows that of pixelNeRF38.

We first parameterized the rays through each pixel centre as r(s) =  
o + se, with the camera origin ∈ 3Ro  and the ray unit direction vector 

∈ 3e R . We then used volume rendering to predict RGB ̂I and depth d̂ 
images:

I r c∫ T t σ t t t( ) = ( ) ( ) ( ) d , (3)
t

t

n

f̂

∫ T t σ t t t^ ( ) = ( ) ( ) d , (4)
t

t

n

f
d r

where ∫T t σ s s( ) = exp(− ( ) d )
t

t

n
 accounts for occlusion through alpha-

compositing, that is, points that are closer to the camera with a non-zero 
density σ will occlude those points behind them. For each ray r of the 
target camera, we then densely sampled 3D points between near (tn) 
and far (tf) depth bounds. For each 3D point r t( ) ∈ 3R , we obtained its 
density σ and colour c, and Jacobian J from equation 2. The notation 
I(r) selects the pixel in the image I that corresponds to the ray r.

Predicted optical flow ^ ( )v r  is also computed by volume rendering. 
For every 3D point along a ray, we use the Jacobian quantity to advect 
the 3D ray sample through r(t) + J(t)δu. Then we applied alpha com-
positing to both original 3D ray samples and their advected counter-
parts to obtain x r( )̂ , x r R̂ ( ) ∈+ 3:

x r r∫ T t σ t t t( ) = ( ) ( ) ( ) d , (5)
t

t

n

f
̂

̂ ∫ T t σ t t t δ t( ) = ( ) ( )( ( ) + ( ) ) d . (6)
t

t
+

n

f
x r r J u

Finally, to obtain v r̂( ), we projected ( )x r̂ , ( )+x r̂  to the 2D image coor-
dinate using camera intrinsic and extrinsic parameters and computed 
the positional difference,

v r x r x r( ) = ( ) − ( ) . (7)+
image imagê ̂ ̂

Supervising robot geometry using RGB-D renderings. To predict 
the RGB and depth images captured by the target camera, we relied 
on the radiance field components, colour field c and density field σ, 
in equation 2. The predictions for the RGB image and depth image 
observed by the target camera are obtained by alpha-compositing the 
RGB colours and sample depths for each pixel according to equation 4. 
For each target image with its corresponding pose P, we computed 
losses

I r I r
r

L
R

∥ ̂ ∥∑= ( ) − ( ) , (8)RGB
∈

2
2

L
R

∑= ( ) − ( ) , (9)depth
∈

2
2∥ ̂ ∥d r d r

r

where R is the set of all rays in the batch. Minimizing these losses trained 
our model to recover the correct density values and thus the robot 



geometry. Note that the depth loss is optional and neural radiance 
fields are generally trained without it33,38,51, but because consumer- 
grade RGB-D cameras are readily available, we relied on this extra  
signal.

Supervising the Jacobian field by predicting 2D motion. We com-
puted a 2D motion loss using ground truth motion tracks to supervise 
the Jacobian field:

L
R

∑= ( ) − ( ) . (10)motion
∈

2
2v̂ r v r

r

Minimizing this loss trained our model to predict the correct system 
Jacobian at each 3D point.
Differentiable rendering is a convenient source of 3D supervision, 
but it is not the only one. If high-quality depth cameras or motion- 
capture systems are available, they can also provide 3D information. 
We discuss alternative supervision strategies for the 3D Jacobian field 
in the Supplementary Information, including the use of RGB-D data 
with geometric representations such as occupancy and signed dis-
tance fields53,54.

We provide further analysis on the value of a 3D representation in 
the Supplementary Information, including how it enables demonstra-
tion transfer from unseen viewpoints using shape-based distances55,56, 
and how it resolves motion ambiguities inherent to 2D observations50,57.

Details of the Jacobian field
Our Jacobian field is a dense, spatial 3D generalization of the conven-
tional system Jacobian in the context of dynamical systems. In this 
section, we mathematically describe the motivations and insights of 
our parameterization. We first derive the conventional system Jacobian. 
Consider a dynamical system with state q R∈ m, input command ∈ nu R  
and dynamics ↦: ×m n mR R Rf . On reaching a steady state, the state of 
the next time step q+ is given by

= ( , ). (11)+q f q u

Local linearization of f around the nominal point q u( , ) yields

q f q u
f q u

u
u

q u

δ= ( , ) +
∂ ( , )

∂
. (12)

+

,

Here, ( , ) = ∂ ( , )/∂J q u f q u u  is known as the system Jacobian, which is 
the matrix that relates a change of command u to the change of state q.
Conventionally, modelling a robotic system involves designing a state 
vector q that completely defines the robot state and then embedding 
sensors to measure each of these state variables. For example, the 
piece-wise-rigid morphology of conventional robotic systems means 
that the set of all joint angles is a full state description, and these are con-
ventionally measured by an angular sensor in each joint. However, these 
design decisions are challenging for soft and hybrid soft–rigid systems. 
First, instead of discrete joints, large parts of the robot might deform. 
Embedding sensors to measure the continuous state of a deformable 
system is difficult, both because there is no canonical choice for sen-
sors universally compatible with different robots and because their 
placement and installation are challenging. Next, designing the state 
is difficult compared with a piece-wise rigid robot, for which the state 
vector can be a finite-dimensional concatenation of joint angles. The 
state of a continuously deformable robot is infinite-dimensional owing 
to continuous deformations.

Our Jacobian field solves these challenges. First, the combination of 
Jacobian and neural radiance fields is a complete representation of the 
robot state; it encodes the position of every 3D point of the robot, as 
well as its kinematics (how that 3D point would move under any pos-
sible action). This relieves us of the need to manually model a robot 

state q. Second, we note that, for many robotic systems, it is possible 
to infer their 3D configuration from vision alone. Even if parts of the 
robot are occluded, it is often still possible to infer their 3D position 
from the visible parts of the robot, which is similar to how observing 
the back of a human arm allows us to infer what the occluded side will 
look like. In this study, we inferred the state completely from a single 
camera, but it is straightforward to add more cameras to achieve better 
coverage of the robot38.

We now derive the connection of the Jacobian field and the per- 
camera 2D optical flow we use for its supervision. Rearranging equa-
tion 12 yields

δ− ( , ) =
∂ ( , )

∂
. (13)

+

,

q f q u
f q u

u
u

q u

In practice, our nominal point represents a steady state, because we 
can wait for the robot system to settle. Then, f q u( , ) is approximately 
q. We consolidate q q qδ = −+  to express the change in robot state δq 
as a function of the system Jacobian:

q
f q u

u
u

q u

δ δ=
∂ ( , )

∂
. (14)

,

We define the dense 3D position of every robot point as the state of the 
robot. Consequently, the change in robot state δq can be interpreted 
as the 3D velocity field that moves these points under the action δu. 
The 3D velocity field δq can be measured as 2D pixel motions vi across 
all camera views using off-the-shelf optical-flow and point-tracking 
methods. Given a training data sample (vi, δu, Ki, Pi), our visuomotor 
Jacobian field J(x, I) associates the two signals (δq, δu) through 
v J X I u K P̂ δ= render ( ( , ), , , )i i i  using equation 7, where X represents  
samples of 3D coordinates from the neural field.

To sum up, our Jacobian field leverages visual motion measurements 
as a learning signal and can be trained self-supervised purely by observ-
ing robot motion under random actions with multi-view cameras. It 
directly relates the change in robot state δq, defined as the 3D motion 
field that advects every 3D point of the robot according to the action 
δu, to the motion in 2D-pixel space observed by multiple cameras. 
This provides a signal for learning which part of 3D space is sensitive 
to a particular command of the robotic system, and enables control by 
specifying the desired motion of any robot point in 2D or 3D.

Trajectory tracking
Our MPC algorithm supports both 2D and 3D tracking tasks. The main 
differences lie in the choice of state representation and cost function. 
In both cases, the goal is to find the control input that best aligns the 
current observation with the next waypoint. Detailed procedures for 
demonstration preprocessing, state encoding and command optimiza-
tion are provided in the Supplementary Information.

2D Trajectory tracking. For 2D tracking, we extracted point tracks from 
demonstration videos using TAPIR58, guided by segmentation masks 
from a foundation model59. At test time, TAPIR features were used to 
match or propagate points across frames. Jacobian fields predicted the 
motion for each pixel, and commands were optimized to minimize L2 
distance to the target point locations. We accounted for visibility masks 
to ignore occluded keypoints.

3D Trajectory tracking. For 3D tracking, we lifted RGB video frames 
to 3D point clouds using PixelNeRF. Each waypoint was stored as a 3D 
point set sampled from high-density regions of the reconstructed vol-
ume. We optimized robot commands by minimizing the Wasserstein-1 
distance55,56 between the current and target point clouds. The Jacobian 
field was queried at each point to predict the advected cloud under a 
given control command.
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Evaluations
Ablative baselines. Jacobian parameterization ablations. To under-
stand why our Jacobian field enables better generalization and sample 
efficiency than direct scene flow prediction, we analysed the inductive 
biases embedded in its formulation. In particular, we studied how linear-
ity45, spatial locality60 and compositionality60,61—three key properties of 
mechanical systems—are naturally captured by our parameterization. 
We complemented these insights with experimental comparisons 
against a direct flow prediction baseline across real and simulated 
robotic systems45,62. These results demonstrated that our approach 
generalizes substantially better than the alternatives to unseen robot 
configurations and commands. Full theoretical observations and 
experimental results are provided in the Supplementary Information.
Neural-rendering ablations. We ablated the neural-rendering part 
of the Jacobian fields by assuming that the model is given depth as 
input. Keeping the rest of the architecture unchanged, we trained a 
pixel-aligned 3D Jacobian fields model. This model was supervised 
using the same losses on depth and flow. We found that the baseline 
failed to disentangle the sensitivities of different surface points to dif-
ferent actuators, predicting incorrect Jacobians, probably because of 
a lack of multi-view supervision. Analysis and results are included in 
the Supplementary Information.

Analytical baselines. Allegro hand. We compared our learnt Jacobian 
field with an analytical Jacobian derived from the Allegro hand’s kin-
ematic model using the Drake simulator47. By aligning the predicted 
and analytical Jacobian fields through Procrustes analysis63, we com-
puted angular deviations between corresponding command-channel 
vectors. Our model achieved strong agreement, with an average error 
of 7° (Extended Data Fig. 6 and Extended Data Table 4). Details of the 
set-up and evaluation procedure are provided in the Supplementary 
Information.
HSA platform. We benchmarked our model against a 2D analytical- 
dynamics model of an HSA platform from previous work48 that does not 
account for 3D twisting. We aligned the analytical and predicted Jaco-
bian fields in 2D and evaluated vector alignment across sampled points. 
Our method robustly handled 3D motion and generalized beyond the 
limitations of the analytical baseline. Full methodology and results are 
provided in the Supplementary Information.

Robustness analysis. Robustness against visual occlusions. To 
improve the robustness to occlusion and background variation, we 
applied domain randomization techniques64–66 during training by over-
laying segmented robot foregrounds onto randomized backgrounds 
and natural scenes67. Segmentation masks were obtained using the Seg-
ment Anything model59. These augmentations improved the resilience 
of our neural 3D reconstruction module to visual clutter and partial 
occlusion. Empirical and quantitative results confirmed that depth and 
Jacobian predictions remained accurate despite such perturbations 
(Extended Data Fig. 3 and Supplementary Information).
Robustness against scene perturbations. We evaluated the ability 
of our system to generalize to substantial physical scene changes by 
testing control performance in a modified environment with altered 
geometry and appearance. Even with large occluders, such as card-
board fences, introduced at test time, our method accurately tracked 
3D trajectories using the Allegro hand, achieving a median joint error 
of 2.89°. More information and experimental set-up are provided in 
the Supplementary Information.

Robot systems
We evaluated our method across four diverse robot platforms that 
had different actuation, morphology and modelling complexity. Full 
system details, including fabrication, control and sensing, are provided 
in the Supplementary Information.

Pneumatic hand. We used a pneumatically actuated soft robot hand 
that was 3D-printed in one piece by vision-controlled jetting6, based 
on the design in ref. 30. It combined soft PneuNet fingers68 with a 
rigid core and was controlled by 15 pneumatic channels. We used two 
configurations: a stationary hand and a version mounted on a UR5 
robot arm.

Allegro hand. The Allegro Hand is an anthropomorphic robotic hand 
with 16 degrees of freedom that is widely used in research69–72. It is com-
mercially available and provides a challenging testbed, owing to its high 
degrees of freedom and mechanical dexterity.

HSA platform. This soft robotic platform with four degrees of freedom 
used handed shearing auxetic actuators31 that were 3D-printed by digi-
tal light projection73. The platform’s compliant design enables wrist-like 
motions and linear extension, but accurate modelling is challenging 
owing to its deformation under external forces74. It can be sensorized 
by fluidic innervation75 or embedded cameras76.

Poppy Ergo Jr. The Poppy Ergo Jr32,77 is a low-cost, open-source robot 
arm with six degrees of freedom built using Dynamixel servos and 
3D-printed parts78. It is easily affordable but its mechanical tolerances 
and backlash make it difficult to model accurately41,79,80.
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Extended Data Fig. 1 | Overview of dataset collection, training, and 
inference processes. a, Our data collection process samples random control 
commands to be executed on the robot. Using a setup of 12 RGB-D cameras, we 
record multi-view captures before each command is executed, and after each 
command has settled to the steady state. b, Our method first conducts neural 

3D reconstruction that takes a single RGB image observation as input and 
outputs the Jacobian field and Radiance field. Given a robot command, we 
compute the 3D motion field using the Jacobian field. Our framework can be 
trained with full self-supervision by rendering the motion field into optical flow 
images and the radiance field into RGB-D images.



Extended Data Fig. 2 | Additional evaluation on visuomotor control.  
(a, b), Our framework controls a 3D-printed pneumatic hand to grasp on an 
object and complete a pick-and-place task. (c, d), Our approach controls the 
Allegro hand to close and open each finger fully. (e, f), We intentionally perturb 

the scenes to create occlusion and background changes. We find that the 
Jacobian field is robust against out-of-distribution scenarios and successfully 
controls the hand to achieve detailed motions.
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Extended Data Fig. 3 | Qualitative results on robustness against out-of- 
distribution scenarios. a, We perturb the visual scenes by placing objects 
around the pneumatic hand mounted on the robot arm. Consequently, the 
input observation is highly out-of-distribution from the training data. We 
visualize the predictions of depth and Jacobian at both the input and novel 

viewpoints. We find that our method retains high-quality predictions.  
(b, c), We place objects around the pneumatic hand to create occlusion. For 
presentation clarity, we overlay the Jacobian prediction on RGB images to 
highlight the shapes of the hand with masking.



Extended Data Fig. 4 | 3D enables demonstration transfer between 
viewpoints. a, Our model lifts each 2D RGB frame inside the demonstration 
video to a 3D point cloud (left). The demonstration video comes from a 
viewpoint that is different from the one available for control (right). b, Our 3D 
representation enables trajectory tracking of demonstration videos from 

viewpoints unavailable at inference time. We use the Wasserstein-1 distance56 
to measure 3D differences between the current shape and the reference point. 
c, We plot the errors, measured as the joint angle differences between the 
achieved end state and the final tracking goal.
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Extended Data Fig. 5 | Qualitative comparison on test set between our 
Jacobian model and the direct neural flow baseline. We evaluate our model 
and the baseline on the testing samples reported in Extended Data Table 3. 
Consistent with the numerical results, we qualitatively find that our model can 
predict correct optical flows on the testing dataset. In comparison, the baseline 
optical flow model fails to explain out-of-distribution robot commands due to 

the lack of inductive biases on the locality and symmetry of the dynamical 
system. In the last row, we visualize the components of our Jacobian model. 
This validates that the Jacobian model can break down the spatial volume into 
parts sensitive to each robot finger on the testing dataset. The Jacobian 
coloration scheme is consistent with Fig. 2.



Extended Data Fig. 6 | Visual Jacobian comparison against analytical 
simulations. a, We evaluate the quality of our Jacobian predictions against the 
analytically computed Jacobian field for the Allegro hand in Drake47. We find 
that our model highly matches the analytical Jacobian field, including the low- 
to-high opacity transition on each finger, which indicates the total change of 
position upon a command. We highlight that computing the analytical Jacobian 

relies on the existence of a physics simulator and a URDF file. b, We compare 
each component of the predicted Jacobian (red arrow), queried at a 3D position, 
with its analytical counterpart (blue arrow). Each column visualizes a different 
command channel inside the Jacobian, covering all of the robot’s motors. Our 
model achieves high-quality Jacobian predictions, learning only from video 
observations.
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Extended Data Table 1 | Quantitative evaluation on visuomotor control

a-d, We measure the distance between the final state achieved by our method and the ground truth desired state. a, Joint angle errors in degrees and fingertip positional errors in millimeters. b, 
Motion capture marker location error between the final state achieved by our method and the ground truth recorded in the reference trajectory. c, Similar to b, we report errors computed based 
on the locations of the motion capture markers. d, Pressure errors measured in millibars from the 15-channel proportional valve terminal.



Extended Data Table 2 | Quantitative evaluation on 3D reconstruction

Using testing images from all camera viewpoints, we measure depth prediction errors in millimeters and optical flow prediction errors in pixels on a 640 × 480 image grid. The depth errors are 
computed as the L2 distance between the ground truth depth value measured by the Intel Realsense D415 RGB-D cameras and the predicted depth value averaged over all pixel locations in the 
image. The optical flow errors are computed as the L2 distance between the ground truth measured by the point tracker58 and the prediction averaged over all pixel locations in the image.
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Extended Data Table 3 | Real-world comparison between our Jacobian model and the direct neural flow baseline

We find that our model outperforms the baseline model for the Allegro hand test set. Our model is able to generalize to unseen evaluation samples. We highlight that this baseline model is 
modeled after the architecture described in81. Please see Extended Data Fig. 5 for visual comparisons between the two approaches.



Extended Data Table 4 | Quantitative comparison against analytical Jacobian (physics simulation)

We evaluate the quality of our model’s Jacobian predictions for the Allegro Hand by comparing them to analytical Jacobians computed using the Drake physics simulator47. We used five testing 
samples representing different hand poses and reported the mean and standard deviation of the errors.
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