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Fig. 1: Dream2Flow leverages off-the-shelf video generation models to produce videos of the task being performed in the
same scene of the robot. Dream2Flow then extracts a 3D object flow from the motion in the video, allowing for downstream
planning and execution with a robot across a wide variety of tasks.

Abstract— Generative video modeling has emerged as a
compelling tool to zero-shot reason about plausible physical
interactions for open-world manipulation. Yet, it remains a
challenge to translate such human-led motions into the low-level
actions demanded by robotic systems. We observe that given an
initial image and task instruction, these models excel at synthe-
sizing sensible object motions. Thus, we introduce Dream2Flow,
a framework that bridges video generation and robotic control
through 3D object flow as an intermediate representation. Our
method reconstructs 3D object motions from generated videos
and formulates manipulation as object trajectory tracking. By
separating the state changes from the actuators that realize
those changes, Dream2Flow overcomes the embodiment gap
and enables zero-shot guidance from pre-trained video models
to manipulate objects of diverse categories—including rigid,
articulated, deformable, and granular. Through trajectory op-
timization or reinforcement learning, Dream2Flow converts re-
constructed 3D object flow into executable low-level commands
without task-specific demonstrations. Simulation and real-world
experiments highlight 3D object flow as a general and scalable
interface for adapting video generation models to open-world
robotic manipulation. Videos, visualizations, and appendix are
available at https://dream2flow.github.io/.

I. INTRODUCTION

Robotic manipulation in the open world could greatly
benefit from visual world models that predict how an en-
vironment would evolve given an agent’s interactions. Re-
cent advances in generative video modeling have produced
systems capable of zero-shot synthesizing minute-long, high-
fidelity clips of physical interactions in pixel space, condi-
tioned on an unseen initial image and an open-ended task
instruction [1]. Such video models implicitly capture intuitive
physics and rich priors of object properties and interactions,
making them compelling for open-world manipulation set-
tings where a robot is tasked to complete novel tasks in
unseen environments through partial observations.

Despite their promise, it remains unclear what role such
models should serve in a robot manipulation system. Most
frontier video generators produce the best interaction clips
with a human embodiment. This reflects where supervision is
most abundant as human interactions are significantly more
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broadly documented than those of robots. But this becomes
a challenge for using them in robotic manipulation due to
the embodiment gap and hence the different action spaces.

We propose extracting actionable signals from their visual
predictions of human interactions, which will then be enacted
by a robot. Our proposed method, Dream2Flow, employs
3D object flow as an intermediate interface that bridges
high-level video simulation with low-level robot actions.
Dream2Flow works because, despite occasional visual ar-
tifacts, state-of-the-art video generation models often pre-
dict physically plausible object motions that align with the
task intent in open-world manipulation tasks. Then, given
generated videos, instead of trying to directly mimic the
human motions for completing a given task, we focus on
reconstructing and reproducing the object flows in 3D.

The problem is thus reduced to object trajectory tracking:
the robot’s job is to manipulate the object to closely follow
the generated flow that the video model imagined. This
approach cleanly separates what needs to happen (i.e., state
changes in an environment) from how a particular embodi-
ment achieves it with respect to its kinematic and dynamic
constraints (i.e., actions). Importantly, it seamlessly inter-
faces with both motion planners and sensorimotor policies—
the extracted object motion in 3D serves as the tracking
goal for trajectory optimization or a reinforcement learning
policy, which then yields a sequence of low-level robot joint
commands.

Leveraging off-the-shelf models and tools, we demonstrate
an autonomous pipeline that 1) generates a text-conditioned
video of plausible interaction [1], 2) obtains 3D object flow
by performing depth estimation and point tracking using
vision foundation models [2,3], and 3) synthesizes robot
actions that realize this flow using trajectory optimization
and reinforcement learning. Notably, this design enjoys a
number of desirable benefits in manipulation tasks. By first
leveraging video models—pre-trained on large corpora of
human activities—to interpret and ground open-ended lan-
guage commands in visual predictions, our system inherits a
scalable mechanism for task specification. These predictions
are then distilled into reconstructed 3D object flow, a rep-
resentation that naturally captures diverse object interactions
spanning rigid, articulated, deformable, and granular objects.
Together, this synergy enables an end-to-end pipeline that
performs open-world manipulation directly from visual per-
ception and language, without task-specific data or training.

In summary, our key contributions are:

o We propose 3D object flow as an interface for adapting
off-the-shelf video generation models for open-world
manipulation by formulating it as an object trajectory
tracking problem.

o We demonstrate its effectiveness by implementing the
approach in both simulated and real domains, which
performs diverse tasks given only RGB-D observations
and language instructions in a zero-shot manner.

« We examine the properties of 3D object flow by com-
paring it with alternative intermediate representations
and by studying its key design choices as well as

generalization properties.

II. RELATED WORKS
A. Task Specification in Manipulation

Specifying tasks for the wide range of manipulation
problems spans symbolic, learning-based, outcome-driven,
and object-centric interfaces. Classical approaches encode
goals and constraints with symbolic formalisms such as
PDDL and temporal logics, or optimize cost-augmented
formulations [4-6]. Learning-based systems specify tasks
often through language and perception, mapping instruc-
tions to actions via language-conditioned visuomotor policies
and vision—-language—action models [7—10]. Outcome-based
specification sets goals by example observations, e.g., image
goals with goal-conditioned policies [11-16]. Object-centric
alternatives rely on descriptors or keypoints to capture task-
relevant structure [17]. Recently, foundation models enable
higher-level interfaces that compile intent into actionable
specifications via code [18], 3D value maps akin to potential
fields [19], keypoint relations [20], or affordance maps [21].

B. 2D/3D Flow in Robotics

Dense motion fields—optical flow, point tracks, and 3D
scene/object flow—provide an embodiment-agnostic, mid-
level interface for manipulation [22,23]. In scene-centric
formulations, policies parameterize or condition on motion
in 2D or 3D to decide actions, with point/keypoint interfaces
unifying perception and action and with action-flow improv-
ing precision [24-30]. In object-centric formulations, desired
object motion is specified independently of embodiment and
then converted into actions via policy inference, planning,
and optimization [31-36]. When actions are absent, retarget-
ing with predicted tracks and dense correspondences offers
a practical bridge across embodiments [37-39]. Advances in
perception and tracking such as RGB-D motion-based seg-
mentation, 3D scene flow in point clouds, zero-shot monoc-
ular and ToF-based scene flow, rigid-motion learning, refrac-
tive flow for transparent objects, deformable and articulated
reconstruction, and structured scene representations [40—50]
make the interface reliable. Flow-derived supervision further
supports learning, and video generation supplies plausible
visual rollouts for planning and imitation [51-54]. Our
approach follows the object-centric path by reconstructing
3D object flow from language-conditioned generations and
tracking it under embodiment constraints, complementing
other flow-conditioned policy representations [24, 26, 31-33].

C. Video Models for Robotics

Recent work increasingly integrates video models across
robotic tasks in various ways [55,56]. They can serve as
auxiliary training objectives [57-62], as reward models [63—
65], as policies [66,67], or as a simulator for the environ-
ments [68, 69]. Notably, predictive modeling in robotics can
leverage video frame prediction as a form of world model.
By simulating future visual observations, these models can
enable visual planning and manipulation by anticipating how
the environment will evolve. For example, a video generative



model can simulate long-horizon task outcomes, effectively
acting as a visual planner [70]. Video models in this way
can also serve as as dynamics models [67,71-75]. Another
notable direction is that video generation can directly provide
new training data for robot learning. Several recent works
devise frameworks to imagine new trajectories in the form of
videos and use them to train or finetune policies, particularly
for imitation learning [76, 77].

III. METHOD

Herein, we introduce the problem formulation of
Dream2Flow in Sec. III-A. Leveraging 3D object flow as an
interface, we subsequently discuss how to extract 3D object
flow from video generations in Sec. III-B and how to plan
actions with 3D object flow for manipulation in Sec. III-C.

A. Problem Formulation

Given a task instruction ¢, an initial RGB-D observation
(Ip € RPWS Dy ¢ REW) and a known camera
projection II (intrinsics and extrinsics to the robot frame),
our goal is to output an action sequence ug.y_1 € U
that accomplishes the task by following an object motion
inferred from a generated video. We make no assumption
about a specific action parameterization: I/ may represent
motion primitives, end-effector poses, or low-level controls.

Extracting 3D Object Flow. From ([, ¢), an image-to-
video model produces frames {V;}7_;, and a video-depth
estimator provides a per-frame depth sequence {Z;}7_;.
Using a binary mask M of the task-relevant object, and
the projection II, we lift masked image points with Zi.1
to obtain an object-centric 3D trajectory Py.; € RTxnx3 jp
the robot frame; we refer to ;. as the 3D object flow.

Action Inference with 3D Object Flow. We represent
state as the task-relevant object and the robot: z; = (x;’bj, Tt)s
where 22” € R"*3 are object points and 7 denotes the robot
state. Let f be a dynamics model and &1 = f(Z+, u) with
Zo = xo. At each planning step ¢, we use a time-aligned
target P, € R™*3 derived from the video object flow (e.g.,
via uniform time-warping or nearest-shape matching). We
formulate action inference as an optimization problem:

H-1
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Section III-C instantiates &/ and f for different domains.

B. Extracting 3D Object Flows from Videos

Video Generation: Given the task language instruction ¢
and an RGB image of the workspace without the robot visible
Iy e RIXWX3 Dream?2Flow uses an off-the-shelf image-to-
video generation model to produce an RGB video {V;}7_;
with V; € REXW X3 showing the task being performed. We
do not include the robot in the initial frame or mention the
robot in the text prompt, as we empirically find that current

image-to-video generation models not specifically finetuned
on robotics data tend to produce physically implausible fine-
grained interactions, and consequently have worse object
trajectories (for details see Appendix A).

Video Depth Estimation: Given the generated video,
Dream2Flow leverages SpatialTrackerV2 [78, 79] to estimate
per-frame depth {Z;}7 |, Z, cR¥*W  Due to the scale-shift
ambiguity of monocular video, we compute global (s*,b*)
by aligning the first frame to the initial depth Dy from the
robot, and obtain calibrated depths Z; = s* 7y + b~

3D Object Flow Extraction: 3D object flow aims to
produce 3D trajectories Pj.p € RT*X7*3 with visibilities
V €{0,1}1" for the task-relevant object. We first localize
the relevant object using Grounding DINO [80] to produce
a bounding box from (I, ¢), and then use the box to prompt
SAM 2 [2] for a binary mask. From the masked region at
t=1, we sample n pixels and track them across the video with
CoTracker3 [3] to obtain 2D trajectories ¢} and visibilities v}.
Visible points are lifted to 3D using the calibrated depths and
camera intrinsics/extrinsics, producing P;.r as in Sec. III-A.

C. Action Inference with 3D Object Flow

Simulated Push-T Domain. For tasks involving
non-prehensile manipulation, such as the Push-T task,
Dream2Flow uses a push skill primitive parameterized with
the start push position on a flat table (cs,cy), a unit push
direction (Acg, Acy), and the distance of the push d. In
this setting, we learn a forward dynamics model that takes
as input a feature-augmented particles &, € RV <14 of the
whole scene and produces AZyy1, the delta of positions of
each point for the next timestep. The features associated
with each point consist of the position, RGB color, and
normal vector as determined from camera observations
along with the push parameters (as further elaborated in
Appendix B).

To optimize the 3D object flow following cost with the
learned dynamics model, we use random-shooting, where
r push skill parameters are randomly sampled such that
all pushes will make contact with the object of interest at
different points and directions. Then, we select the push skill
parameter out of r ones that has the least cost according to
the predicted point positions from the dynamics model. For
determining which timestep from the video should be used in
the cost function, we find the timestep ¢* where the points of
the relevant object in the trajectory are closest to the current
observed points with further details in Appendix C.

Real-World Domain. We use absolute end-effector poses
as the action space and a rigid-grasp dynamics model for the
real robot domain. With this combination, we first proceed
to grasp the desired part from the relevant object, and then
use the dynamics model and point-flow following objective
to move the end-effector such that the grasped part moves
in a fashion similar to the video. We use AnyGrasp [81] to
propose candidate grasps on the object of interest, but these
grasps may not lie exactly on the desired part. We select
the grasp closest to the thumb as detected from the video
by HaMer [82], as we observe that in generated videos, the
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Fig. 2: An overview of Dream2Flow. Given a task instruction and an initial RGB-D observation, an image-to-video model
synthesizes video frames conditioned on the instruction. We additionally obtain object masks, video depth, and point tracking
from vision foundation models, which are used to reconstruct 3D object flow. Finally, a robot policy generates executable
actions that track the 3D object flow using trajectory optimization or reinforcement learning.

hand tends to interact with the relevant part of an object,
such as the handle.

The rigid-grasp dynamics model assumes that the grasped
part is rigid; consequently, the prediction of point positions
to the next timestep can be described by a sequence of
rigid transformations for the grasped subset, while non-
grasped points remain unchanged. To produce a trajectory
of end-effector poses, Dream2Flow directly optimizes the
objective using PyRoki [83], incorporating pose smoothness
and reachability costs as Aconuor in addition to the 3D object-
flow following cost Ay as in Appendix F.

Simulated Door Opening Domain. For the Door Opening
task, we use reinforcement learning to learn a sensimotor
policy which moves the object according to the 3D object
flow with SAC [84]. This approach can be viewed as
using the simulator as a dynamics model for compiling the
optimization process prescribed in Eq. III-A into a parametric
policy in an offline fashion, using 3D object flow as the
reward function. Depending on the embodiment used, the
action space consists of delta end-effector poses and delta
joint angles for the gripper or dexterous hand. The reward
function used consists of one term which encourages the
end-effector to move toward the current mean object particle
position along with another term for encouraging matching
the 3D object flow, ﬁ, where t* is the timestep with the
closest particle positions to the 3D object flow and teng is
the last timestep of the object motion (further details in
Appendix H). By training policies with such an object-centric
reward, we observe different strategies emerge to accom-
plish the same object motion across embodiments, including
quadruped manipulators, humanoids with dexterous hands,
and fixed-base arms with parallel grippers.

IV. EXPERIMENTS

We seek to answer the following research questions
through our experiments: Q1: What are properties of 3D
object flow when used as an interface to bridge videos
and robot control? Q2: How does Dream2Flow perform
compared to alternative interfaces? Q3: How effective is 3D
object flow as a reward for learning sensimotor policies? Q4:
How does the choice of video model affect Dream2Flow in
simulation and in real-world tasks? @5: How does the choice

Reference
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Object Instances

Backgrounds Viewing Angles

Camera Obs

Fig. 3: Robustness evaluations. Relative performance
across instance, background, and task variations, showing
Dream2Flow remains robust under various different settings.

of dynamics model affect the performance of Dream2Flow?

For evaluation, we consider several tasks involving dif-
ferent types of objects and manipulation strategies, such as
pushing a T-block to a goal, putting a piece of bread in
a bowl, opening a toaster oven, covering a bowl with a
scarf, and opening a door from Robosuite [85], as shown
in Figure 1.

A. Properties of 3D Object Flow as a Video-Control Inter-
face

We run Dream2Flow on the simulated Push-T task with
Wan2.1 [86] as the video generation model. For this task
only, we allow prompting with a goal image of the T-block
in the center, as this task requires accurate movement. We
consider 10 different initial states with the same final state.
We then proceed to run 10 trials for each initial configuration
on different seeds to properly evaluate performance due to
the stochastic nature of random shooting, yielding 100 total
trials. The result appears in Table IV. We note that in this
task, 6 generated videos included substantial morphing of
the T-block, which consequently ruined the tracking and
downstream execution.

We evaluate Dream2Flow’s ability to perform manipula-
tion with different types of objects with Veo 3 [87] as the
video generation model in the real world for 10 trials per
task, and report the results in Table 1.

To assess Dream2Flow’s generalization to different object
instances, backgrounds, and viewing angles, we conduct an
additional five trials each for six different scenarios, as shown
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Task ‘ AVDC RIGVID  Dream2Flow
Bread in Bowl 7/10 6/10 8/10
Open Oven 0/10 6/10 8/10
Cover Bowl 2/10 1/10 3/10

TABLE I. Comparisons of intermediate representa-
tions on real robot. Dream2Flow outperforms AVDC and
RIGVID across three tasks by following 3D object flow
rather than rigid transforms alone.

in Fig. 3. Compared to the reference setting, with exception
of putting a large piece of bread, there is not a significant
drop off in performance, suggesting that Dream2Flow inher-
its some generalization through the use of video generation
models. We additionally show that Dream2Flow can perform
different tasks from the same scene in Fig. 4 due to the
ability of video generation models to follow different task
instructions given the same input image. We have additional
case studies demonstrating that 3D object flow can be used
for downstream manipulation in in-the-wild settings for tasks
such as pulling a chair, opening a drawer, sweeping pasta,
and recycling a can, as shown in Fig. 1 and Appendix G.

For all 60 trials of Dream2Flow executed in the real world,
we provide a breakdown of failures in Fig. 6. In the 12
video generation failures, for half the time, the generated
video either morphs an object in an implausible way or
hallucinates new objects, causing tracking to unreasonably
fail or making the robot move an object to an incorrect 3D
location. The four flow extraction failures occurred because
of severe rotations or objects temporarily going out of view
of the camera, leading to tracks with no visibility in the
end. The four robot execution failures occurred in the Bowl
Covering task, where the robot either did not grasp at the
correct point or did not move enough.

B. How does Dream2Flow perform compared to alternative
interfaces?

For the three tasks in the real world, we consider the
following alternative interfaces related to extracting object
trajectories from videos:

1) AVDC: AVDC [38] leverages generated videos by
computing dense optical flow between frames to track points
on a rigid object. Then, using the initial depth and the point
correspondences, it solves for a sequence of rigid transforms
of the relevant object, allowing for trajectory playback after
a grasp has occurred. In our implementation, we utilize the
video depth corresponding to the tracks from the optical flow,
and optimize for rigid transforms relative to the initial frame,
as we empirically found that to be less noisy than the original
optimization procedure.

2) RIGVID: RIGVID [54] uses 6D object pose tracking
to generate a rigid object trajectory from a generated video.
Since it is ill-defined to have such a pose for deformable
objects, we do not use a 6D pose tracker, but instead adapt
their approach by solving for a rigid pose transformation
between the initial 3D points and visible 3D points from our
3D Object Flow computation in the same manner as AVDC.

We present the results in Table I. While AVDC does a
reasonable job at tracking the bread, the dense optical flow
does not keep up with the motion of the oven, resulting
in insufficient motion. Under certain circumstances, there
are only a few visible points for RIGVID and AVDC,
making transform estimation noisy. Attempting to follow
the noisy transform trajectories leads to execution failures
or optimization instability. Dream2Flow is less affected by
this issue, because there is typically not a heavy cost when
most of the points are occluded, allowing the planned end-
effector poses to smoothly move between areas of high point
visibility. The Cover Bowl task remains a challenge for
AVDC and RIGVID, as in addition to video generation and
tracking failures, the transform estimates are incorrect since
the points are now on a deformable object.

C. How effective is 3D object flow as a reward for learning
sensimotor policies?

The 3D object flow extracted by Dream2Flow can be
used in an RL reward for training policies across different
embodiments. We evaluate SAC [84] policies trained using
handcrafted object state reward from Robosuite and 3D
object flow rewards on a Franka Panda, a Spot with floating
base, and a GR1 with the right arm only across 100 random
door positions, and report the results in Table II with cor-
responding episode visualizations in Figure 5. The policies
trained with the object state and 3D object flow reward have
comparable performance across all the embodiments. The
learned strategies are different between the embodiments, as
the Spot is able to move its base for better reachability and
kinematic range, and the GR1 uses the area between the
fingers and palm for pulling the door as opposed to individual
fingers for better stability.

D. How does the choice of video model affect Dream2Flow
in simulation and in real-world tasks?

To evaluate how well different video generation mod-
els capture physically plausible object trajectories, we run
Dream2Flow on the simulated Push-T task and the real Open
Oven task using three models: Wan2.1 [86], Kling 2.1, and



Reward Type \ Franka Spot GR1
Object State 99/100 99/100  96/100
3D Object Flow | 100/100  100/100  94/100

TABLE II: Comparison of policies trained using different
rewards. The policies trained using the 3D object flow
reward perform comparably to those trained with the object
state reward across different embodiments.

Fig. 5: Rollouts from policies trained using 3D object flow
as a reward. Different embodiments such as the (a) Panda,
(b) Spot, or (c) GR1 use different strategies to open the door.
The Spot is able move its base for better reachability while
the GR1 uses the area between its fingers and palm to pull
for better stability.

Video Generation Model \ Push-T  Open Oven

Wan2.1 [86] 52/100 2/10
Kling 2.1 31/100 4/10
Veo 3 [87] - 8/10

TABLE III: Effect of video generator. Veo 3 excels on
real-world domains such as “Open Oven”, while Wan 2.1
performs better on simulated domains such as “Push-T”.

Veo 3 [87]. The results are shown in Table III. Note that
there are no results for Veo 3 on Push-T because at the time
of evaluation, Veo 3 did not support prompting with a goal
image.

For the Push-T task, Kling 2.1 had more videos that had
substantial morphing, throwing off the tracking, resulting in
more downstream failures. For the Open Oven task, Wan2.1
tends to produce more videos with substantial camera mo-
tion, which violates the still camera assumption. Addition-
ally, both Kling 2.1 and Wan2.1 produce videos where the
direction of articulation is incorrect, such as revolving around
the wrong axis, leading to far more failures than Veo 3.

E. How does the choice of dynamics model affect the per-
formance of Dream2Flow?

For the Push-T task, we compare the effect of different
dynamics models used for planning. In addition to the
particle-based dynamics model, we consider another learned
dynamics model which takes in the block pose and push skill

Dynamics Model Type  Success Rate

Pose 12/100
Heuristic 17/100
Particle 52/100

TABLE IV: Dynamics model ablation. Particle dynamics
substantially outperform pose and heuristic models, high-
lighting the importance of per-point predictions.

Object morphing
le6
I Hallucination

6

Flow extraction
l failures
4

Video generatlon
fallures
Robot execution
l fallures
Total tnals
Video generation
successes
Flow extraction
successes Robot execution
successes
Fig. 6: Failure breakdown on real-robot experiments.
Common causes include video artifacts (object morphing,

object hallucination), tracking errors, and grasp selection
mismatches.

parameters and predicts the delta pose of the T-block, trained
on the same data as the particle based dynamics model, as
well as a heuristic dynamics model, which translates the
points of the T-block in the direction and amount of the push
without any rotation. We present the results in Table IV, and
find that the particle representation for this dynamics model
is crucial to ensure success, as despite having the same 3D
object flow guidance, the pose and heuristic based dynamics
models could not sufficiently account for the rotation needed.

V. CONCLUSION

We presented Dream2Flow, a simple, general interface
that turns text-conditioned video predictions into executable
robotic actions by reconstructing and tracking 3D object flow.
Built entirely from off-the-shelf video generation and per-
ception tools, Dream2Flow solves open-world manipulation
tasks in simulation and on real robots across rigid, artic-
ulated, deformable, and granular objects using only RGB-
D observations and language, without task-specific demon-
strations. Experiments show consistent gains over trajectory
baselines derived from dense optical flow or rigid pose trans-
forms, robustness to variations in instances, backgrounds,
and viewpoints, and the importance of both the upstream
video model and downstream dynamics choice (with par-
ticle dynamics proving most reliable). A failure analysis
highlights current bottlenecks, such as video artifacts (mor-
phing, hallucinations), occlusion-induced tracking dropouts,
and grasp selection mismatches as concrete directions for
improvement. Overall, our results indicate that 3D object
flow is a scalable bridge from open-ended video generation
to robot control in unstructured environments.
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