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Fig. 1: We introduce DexImit, a framework for learning dexterous manipulation directly from videos. DexImit leverages
generated or in-the-wild videos to synthesize physically plausible demonstrations, including challenging tool-using, long-horizon,
and fine-grained tasks. The gallery highlights the breadth of manipulation tasks generated by DexImit.

Abstract—Data scarcity fundamentally limits the generalization
of bimanual dexterous manipulation, as real-world data collection
for dexterous hands is expensive and labor-intensive. Human
manipulation videos, as a direct carrier of manipulation knowl-
edge, offer significant potential for scaling up robot learning.
However, the substantial embodiment gap between human hands
and robotic dexterous hands makes direct pretraining from
human videos extremely challenging. To bridge this gap and
unleash the potential of large-scale human manipulation video
data, we propose DexImit, an automated framework that converts
monocular human manipulation videos into physically plausible
robot data, without any additional information. DexImit employs
a four-stage generation pipeline: (1) reconstructing hand-object
interactions from arbitrary viewpoints with near-metric scale; (2)
performing subtask decomposition and bimanual scheduling; (3)
synthesizing robot trajectories consistent with the demonstrated
interactions; (4) comprehensive data augmentation for zero-shot
real-world deployment. Building on these designs, DexImit can
generate large-scale robot data based on human videos, either
from the Internet or video generation models. DexImit is capable
of handling diverse manipulation tasks, including tool use (e.g.,
cutting an apple), long-horizon tasks (e.g., making a beverage),
and fine-grained manipulations (e.g., stacking cups).

I. INTRODUCTION

Data scarcity remains a critical challenge in dexterous
manipulation. Robotic hands are highly articulated and versatile
end-effectors, capable of performing a wide range of real-
world tasks, including contact-rich and interaction-intensive
operations. However, due to the difficulty of teleoperation
and the high cost of hardware, collecting large-scale datasets
for bimanual dexterous manipulation is significantly more
challenging than for simple jaw-grippers [9, 24} 58]

Compared to real-world robotic data, human manipulation
videos are readily available at a larger scale and cover a
substantially broader range of task categories. Furthermore,
the emergence of video generation models [[61} 45, 14} 160, [1]]
enables scalable generation of human manipulation videos
from text prompts. Human videos inherently encode high-
level task concepts while simultaneously capturing low-level
manipulation actions, offering a promising avenue for scaling
dexterous manipulation.

However, learning from human videos poses significant
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challenges. The most straightforward approach is to treat the
human hand as a heterogeneous embodiment and use it directly
for pretraining [26), 134} 69} 40 [8]]. These methods suffer from a
severe embodiment gap, as discrepancies in visual observations
and action spaces substantially constrain cross-embodiment
learning [36) 59} |44]]. Another line of work reconstructs 3D
hand-object keypoint flows [32, [15] 29} [7] or object trajectories
(42,122, 174,177, 48] from videos, then reproduces the demonstra-
tions using motion planning [30} 56] or reinforcement learning
(RL). This paradigm effectively eliminates the embodiment
gap, but most of them rely on absolute depth information,
while others [22} 42] require strict reconstruction accuracy to
avoid RL training failures—fundamentally limiting scalability.
Moreover, existing methods struggle with challenging scenarios
involving fast motions, occlusions, or complex interactions.

To address these challenges, we propose a four-stage
framework: (1) depth-free with near-metric
scale; (2) action-centric scheduling for long-horizon bimanual
coordination; (3) force-closure-based action generation for
robust manipulation and (4) comprehensive data augmentation
to cover complex real-world environments. Through these
designs, DexImit can operate without additional depth or
camera information, offering a scalable solution to alleviate
the scarcity of bimanual dexterous manipulation data in the
real world. Specifically, our method first reconstructs hand-
object trajectories from monocular human videos captured
from arbitrary viewpoints, mapping them into a shared world
coordinate system with near-metric scale. We then perform
video understanding and subtask decomposition, and introduce
an Action-Centric Task Scheduling Algorithm to enable dynamic
bimanual coordination. Finally, we synthesize grasps based on
force-closure constraints and reconstructed hand poses, and
reproduce the demonstrated interactions through motion plan-
ning. To support zero-shot deployment in complex real-world
environments, we design a comprehensive data augmentation
pipeline. It includes randomization of object pose and scale, as
well as augmentation of camera pose and visual observations
to ensure robust real-world generalization.

Building upon these designs, DexImit is capable of gen-
erating bimanual dexterous manipulation data across diverse
scenarios, including tasks involving complex physical interac-
tion, unleashing the potential of large-scale human manipulation
videos for robot learning. Extensive experimental results further
demonstrate that policies trained on the resulting data generalize
to real-world deployment in a zero-shot manner.

In summary, our contributions are threefold:

o An automated data generation pipeline for bimanual
dexterous manipulation, synthesizing physically plausible
data covering a broad range of tasks directly from videos.

e A comprehensive data augmentation system, including
object pose and scale, as well as camera pose and visual
observation, facilitating zero-shot deployment of policies
on real robots without any real-world data.

« Extensive experiments demonstrate that DexImit can gen-
erate high-fidelity robot data for diverse tasks, including
long-horizon, tool-using, and fine-grained manipulation,

demonstrating its effectiveness in alleviating the longstand-
ing data scarcity problem in dexterous manipulation.

II. RELATED WORKS
A. Learning from Videos

With the emergence of large-scale human manipulation
datasets [10, 21} 157, 163} [16} [38] [73]] and video generation
models [61, 145] 14, 160, [1, [11], an increasing number of studies
have focused on learning transferable dexterous manipulation
skills from human videos. A straightforward method is to treat
the human hand as an end-effector and incorporate it directly
into the policy pretraining [26. 34,169, 40 8, [73]. However, such
methods face fundamental limitations due to substantial visual
and action embodiment gaps. Other methods leverage human
videos to train world models for planning; however, world
models tailored specifically for manipulation remain relatively
underexplored [23, 3, [11]. A separate line of work reconstructs
3D trajectories directly from videos and uses the recovered
motions to synthesize robot manipulation data [22, 42| [77],
effectively bridging the embodiment gap. Building on this
paradigm, DexImit effectively mitigates compounding errors
of the data generation, enabling the synthesis of challenging
long-horizon tasks involving complex physical interactions.

B. Monocular Reconstruction

To reconstruct hand-object interactions from videos without
access to additional information (e.g., camera pose, intrinsic
parameters, or depth), we must rely on 4D reconstruction
from monocular observations. VGGT [62]] and several recent
methods [27, 164, [35] 167] perform feed-forward estimation
of depth and camera parameters, enabling per-frame point
cloud reconstruction, which can then be combined with hand-
object segmentation [28| 53} [54] and point cloud registration
[6} 152, 143] to achieve tracking. End-to-end tracking methods
[76} 17, 125} 137, 167] instead directly estimate foreground point
cloud motion. However, these approaches are often limited
in accuracy, producing point clouds of insufficient quality
for reliable manipulation. With recent advances in image-to-
3D generation [[66] [80, [13] and hand pose estimation [49)
50], single-image 3D mesh generation has become sufficiently
accurate for downstream manipulation tasks. As a result, hand-
object interactions can be reconstructed based on the generated
meshes. Finally, 6D pose estimation methods [46, |31} [19] are
used to estimate object poses at each video frame.

C. Robot Data Generation from Reconstructed Reference

Given the reconstructed hand-object poses, our goal is to
generate robot manipulation data from these trajectories. Prior
approaches typically rely on reinforcement learning 47, |41,
S1L 1550 172} 178, [14) 139, 181} 133} 22} 142] or motion retargeting
[48., 1291 [7} [77,, 120} [79] to reproduce hand-object interactions.
However, these methods are sensitive to object scale variations
and trajectory noise, suffer from substantial sim-to-real gaps,
and remain inadequate for long-horizon bimanual dexterous
manipulation. In contrast, DexImit introduces a multi-arm long-
horizon task scheduling algorithm and synthesizes structured,
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Fig. 2: We adopt a four-stage paradigm: Reconstruction-Scheduling-Action-Augmentation. (1) Reconstruct 4D hand-object
interactions and transform them to a unified world frame. (2) Decompose the manipulation process into subtasks and schedule
bimanual actions for long-horizon tasks using an Action-Centric Scheduling Algorithm. (3) Generate robot trajectories via grasp
synthesis and motion planning. (4) Augment the resulting source data comprehensively to enable robust policy learning.

robust actions based on MANO-prompts and force-closure
constraints, enabling reliable generation of physically plausible
manipulation data.

III. METHOD

We propose DexImit, a framework that directly generates
bimanual dexterous manipulation data from human videos.
DexImit employs a four-stage data generation pipeline: (1)
4D trajectory reconstruction of hand-object interactions (Sec-
tion [[lI-A); (2) subtask decomposition and bimanual scheduling
(Section [I=B)); (3) structured action generation to produce
robot manipulation trajectories (Section m and (4) com-
prehensive data augmentation (Section [[1I-D). The overall
pipeline is illustrated in Figure [2] This design enables DexImit
to generate dexterous manipulation data at scale and supports
zero-shot real-world deployment.

A. Reconstruction of 4D Hand-Object Interactions

The reconstruction of hand-object interactions involves the
following steps: (1) Video processing and task understanding
using a Vision-Language Model; (2) Frame-by-frame semantic
segmentation to isolate objects involved in manipulation; (3)
Object generation and hand pose estimation for each frame;
(4) 6D pose estimation for both the object and hand to obtain
precise trajectories. (5) Coordinate transformation from camera
coordinates to a shared world frame.

a) Video Process: Given a video V = {I;}X with a
frame rate f, we sample it to a constant frame rate f; to obtain

the target video: V; = { it , where K; = LK]',f t]—1
is the last index of sampled frames Next we employ Qwen3-
VL [3]] to perform video understanding on the V;. The model
is tasked with identifying the set of objects S, = {o; | ¢ =
0,1,...,N,} involved in the manipulation process.

b) Segmentation: The data generation pipeline requires
three types of masks: Object mask m, = {m,, } 7, for 3D
generation and 6D pose estimation; Hand mask my, = {mp, |
1 =0, 1} for hand trajectory estimation, where ho denotes the
left hand and h; denotes the right hand; Table mask m; for
determining the world coordinate system. Specifically, we use
Grounded Sam? [54] to perform frame-by-frame segmentation
to generate these three masks.

c) Objects and Hands Reconstruction: In order to
reconstruct hand-object interactions at near-metric scale, we
first use the depth estimation method SpatialTracker v2 [67] to
estimate the unscaled depth D = {D;}*, for each frame of
the video. Since the input RGB video V; does not contain any
depth information, an initial scale estimation step is necessary.
Drawing inspiration from [22]], the limited variance in human
hand sizes provides a reliable prior to approximate metric
scale. Building on this key insight, we use the human hand to
estimate a scale factor for D.

Take left hand h( as an example, with the first frame hand
mask mj) , we extract the first-frame hand point cloud Py .
Next, we use Wilor [50] to estimate hand mesh MO Whlle
this provides the correct orientation of the hand in the camera
coordinate system, it lacks position information. To jointly



estimate both the hand pose and metric scale, we proceed with
the following align-render-align steps: we first translate the
center of M} to align it with the center of P} for coarse
alignment. Since M?LO is a full hand reconstruction, while 7720
only contains visible parts of the camera, the coarse alignment
introduces a depth gap. To address this, we cast parallel light
rays in the camera coordinate system to calculate the occlusion-
free mesh M?LO. These vertices are then translated to the center
PCA(Mj,)

PCA(PY )
where PC' A [2]] computes the length of the principal component
axis of the point cloud. Then, s is applied to D, thereby
obtaining the metric scale depth D = {D;}X*,.

We then use SAM3D [13]] to perform image-to-3D gen-
eration, which can generate objects with approximate initial
pose and scale. To achieve accurate scale alignment, we repeat
the previously described align-render-align procedure, but
this time the estimated scale factor is applied to the object,
achieving M, = {M,, } ¢, aligned with D. For the hand, we
directly use the per-frame poses M}, estimated by Wilor [S0]
without applying any additional scale adjustment.

d) 6D Pose Estimation: After obtaining M, M,, at near-
metric scale, we perform 6D pose estimation to reconstruct the
full manipulation trajectories. For M,, we adopt a tracking
variant [65]] of FoundationPose [46]], which effectively improves
temporal continuity of pose estimation across frames. For My,
since they already have accurate orientation, we only need to
estimate the translation component. We apply the previously
described align-render-align procedure to recover continuous
hand poses over time. At this point, we have completed the full
reconstruction of both hand trajectories {pfl}f(:to and object
trajectories {p! } .

e) World Coordinate Transformation: Since the camera
viewpoints of the videos are arbitrary, we map all reconstructed
trajectories into a fixed world coordinate system (see Figure [2).
Our key insight is that the transformation from the camera frame
to the world frame can be uniquely determined by specifying
the world-frame origin and the orientations of the x- and z-axes
in the camera frame, after which the y-axis is uniquely defined
by the right-handed coordinate system constraint.

We denote the camera coordinate frame as F. and the world
coordinate frame as F,,. The transformation from F. to F,, is
represented by a homogeneous transformation T._,,, € SE(3),
which can be decomposed as:

of Pj . We then calculate the scale factor s =

ey

Ty = |:Rc—>w tc—>w:| ,

o' 1

where R._,, € SO(3) and t. ., € R* denote the rotation
and translation, respectively.

World axis estimation. We compute the world coordinate axes
in the camera frame as follows.

(1) z-axis. Given the table segmentation mask m;, we extract
the table point cloud and estimate its surface normal. The world
z-axis is defined as the normalized normal vector of the table
plane: z,, = H%H

(2) z-axis. We compute the first-frame perpendicular bisector
direction of p?m and p%l. This direction is projected onto the
plane orthogonal to z,, to ensure orthogonality:

Xuw

Xy = dp, — (d]) 2u) 20w,  Xu 2)

1%’
where d;, denotes the hand-derived direction vector.

(3) y-axis determination. The world y-axis is uniquely
determined by the right-handed coordinate system constraint.

(4) Rotation matrix construction. The rotation matrix from
the camera frame to the world frame is thus given by

3

Origin estimation. We define the world-frame origin based
on the object poses in the first video frame. Specifically,
we compute the center of the axis-aligned bounding box
enclosing all manipulated objects and translate it to a predefined
manipulation region in the robot workspace (x = 0.6 in the
world frame), yielding the translation vector t._,,,.

With the above procedure, the transformation T'._,,, is fully
determined, allowing us to map arbitrary-view human videos
into a unified world coordinate system.

Rc—nu = [xw Yw Zw] .

B. Subtask Decomposition and Task Scheduling

DexImit places no restrictions on the temporal horizon of the
input video, the degree of bimanual concurrency or asynchrony,
or the types of manipulation actions involved—ranging from
unimanual actions (e.g., grasping), to cooperative bimanual
actions (e.g., bimanual grasping), and fully concurrent bimanual
actions (e.g., pouring). To enable scheduling under arbitrary
horizons and action combinations, we introduce a dedicated
Action-Centric Scheduling algorithm.

Task Representation. We define two structures:

o A Task 7 is defined as 7 = (&, o;, S;, k;), where
& C{1,..., N} denotes the embodiment set involved in
the task, o, is the associated object, S, is the ordered list
of subactions, and k. is the current subaction index.

« A Subaction s € S; is defined as s = (as, t5), where
ts denotes the start frame, and the action type as €
{pregrasp,grasp,motion,release}

Task Annotation. To annotate the above task structures
from input videos, we employ Qwen3-VL [35] for video
understanding, subtask decomposition, and structured labeling.
For long-horizon tasks, we optionally incorporate manual
annotations to further improve labeling accuracy.
Action-Centric Scheduling. Based on the extracted task struc-
tures, we design an Action-Centric Scheduling Algorithm
to perform subtask scheduling across arbitrary numbers of
embodiments, horizons and action combinations. The overall
procedure is summarized in Algorithm [T}

C. Source Data Generation

After reconstructing the hand-object trajectories and schedul-
ing actions via Algorithm [I] we perform low-level action
generation through force-closure-based grasp synthesis and
key-frame-based motion planning.



Algorithm 1: Action-Centric Scheduling

Input: Number of embodiments N, horizon T, tasks L
Output: Action queues {A;}Y
Sort £ by start time; initialize priority queue Q with first N tasks;
initialize all-zero action set A; € RT for each embodiment
ie{l,...,N}
fort=1to T do
foreach rask 7 € Q do
while |Q| < N and L; # () do
| Pop next task from £; and push into Q
Let s = S7[k-];
if t = ts then
switch as do
case pregrasp do
Grasp candidates generation and motion
planning for £,

case motion or grasp do
| Motion planning for &,
case release do
| Reset joints for &r

Assign trajectories to A;; kr < k- + 1;
if k- > |S-| then
. Remove 7 from Q

for i =1 to N do
| Execute A;[t] if not empty

a) Grasp Synthesis: Suppose that at time step ¢, embodi-
ments £, C {hg, h1} are required to generate a grasp on object
0;. We adopt a candidate generation-and-selection strategy to
synthesize such grasps. Grasp synthesis is carried out in two
stages: initialization and subsequent optimization to ensure
physical feasibility. During initialization, we first compute the
convex hull of the object mesh. For unimanual grasps, a single
contact point is sampled on the hull; for bimanual grasps, two
contact points are sampled on opposite sides with respect to
the object center. The hands are then initialized along the
corresponding surface normals, with palms oriented toward the
object, yielding a diverse set of feasible starting poses.

Following BODex [12]] and UltraDexGrasp [71], we for-
mulate the problem using an object mesh M, with center of
mass m, hands h € {hg, h1}, and a strategy-specific active
contact set C. The decision variables are the bimanual pose
g = {(tn,Rn,qn)} and contact forces {f.}, where t;, Ry
and q;, denote the translation, rotation and joint angles of
hand h. Let p. and O, represent the forward kinematics-
derived contact position and orientation, defining the grasp
map G¢ = [I; (pc — m)«]Oc. Given target wrenches {w;}
and scaling A, and weights x,, the grasp synthesis minimizes:

J
Kaw Z H)\W] — Z Gc(g)fc
j=1 ceC

+ Feon »_ (dar(Pe)) + Feo ®ar(g) + finn Prn(g)-
ceC

min

2
g, {fc} 2

“

The terms 1 (das(+)), ®ar, and @y, penalize contact distance,
hand-object collision, and hand-hand penetration, respectively.
Solving Eq. {@) yields a set of physically feasible and collision-
free grasp candidates G, for object o;.

Then we rank the grasp candidates in G,, according to
their distance to the reconstructed human hand pose pf  at
time ¢, favoring candidates that are more consistent with the
demonstrated human hand behaviors.

Gt = sont({g;}. dlg.pt.)): )

where d(-,-) denotes a distance metric between hand pose and
grasp candidate. We then sequentially evaluate the stability
of each candidate g; € G5 until finding a candidate that
satisfies the stability criterion, denoted as the final grasp g*;
details are provided in Appendix A .

b) Motion Generation: DexImit performs motion plan-
ning based on the key-frame object poses. Let p! and pf),
denote the object poses at the current time ¢ and target time
t’, respectively. The relative transformation is computed as

T = (0l,) "l ©)
We treat the hand and object as a single rigid body after
grasping. Applying this transformation to the end-effector pose

of the selected embodiment(s) at time ¢, denoted as pl, . ,
yields the target end-effector pose at time ¢':

)

This provides the terminal configuration for motion planning of
the embodiment(s) to achieve the desired object manipulation.

t' _ mt—t’
pee,c‘)T - Toi pee,é}'

D. Data Augmentation

To generate large-scale data for policy learning, we apply
comprehensive data augmentation to the source trajectories.
Specifically, we perform four types of augmentation:

Object pose: Following [68 [70], we randomize the position
and translation of objects to enable spatial generalization.

Object scale: To generalize across diverse object scales
and enable zero-shot deployment in the real world, we
augment the reconstructed near-metric object scales. The source
data is deemed as a 1.0 scale; in practice, we apply scale
factors of [0.8,1.2]. We empirically observe that, under our
dp3-based policy learning setting, regenerating grasps and
motions for each object scale leads to inconsistent supervision
across demonstrations, which destabilizes training and slows
convergence (see Section [[V-D). Therefore, we retain the
original source grasps and motions and only adjust finger
articulation to accommodate the augmented scales.

Camera pose: To enable viewpoint generalization, we
randomize both the orientation and position of the camera.

Observation: We use 3D point clouds as the observation.
To simulate the variability of real-world depth sensors, we
apply augmentation to the object point clouds by randomly
removing 30% of the points and adding noise to the normals
of the remaining points (30% perturbation).

Finally, we train a 3D Diffusion Policy [[75] on the augmented
dataset, which demonstrates zero-shot deployment in real-world

scenarios (see Section [[V-D).

IV. EXPERIMENTS

When studying robot learning from videos, we focus on two
key dimensions: (i) whether the method can scale up, and (ii)



TABLE I: Success rates of 4D object trajectory reconstruction
with different methods.

Exp. | Method | Success || Exp. | Method | Success
(a) TA+RANSAC 38% (d) DA3+PCR 45%
(b) TA+PCR 11% (e) ST2+PCR 76%
© | VGGT+PCR | 32% (f) | ST2+FPose | 82%

the upper bound of task difficulty it can handle. Therefore,
in this section, we systematically evaluate DexImit along both
dimensions. To be specific, we organize our experiments to
answer the following questions:

Q1: What is the usability of the generated data?

Q2: Does DexImit produce higher-quality dexterous manip-
ulation data compared to existing approaches?

Q3: Can DexImit handle complex manipulation, including
tool-using and long-horizon tasks?

Q4: Does DexImit enable zero-shot real world deployment?

A. Data Usability

a) : Accurate reconstruction
of object trajectories is essential for generating high-quality
manipulation data. DexImit accomplishes this through a se-
quential depth and pose estimation pipeline. To systematically
study this reconstruction framework, we evaluate four depth
estimation models: VGGT [62], SpatialTracker v2 [67] (ST2),
Trace-Anything [37] (TA), and Depth-Anything v3 [35] (DA3);
and three pose estimation methods: RANSAC [18]], ColorPCR
[43] (PCR), and FoundationPose++ [65] (FPose).

We select 100 short-horizon tasks to evaluate the success
rate of these methods. The results are summarized in Table
Experiment (a) uses correspondences estimated by Trace-
Anything; however, the tracking tends to underestimate object
motion, resulting in object trajectories that are substantially
smaller than the ground truth. Experiments (b)-(e) estimate
object poses by first segmenting object point clouds, followed
by colored point cloud registration. Among these, ST2 produces
more temporally consistent depth estimates, yielding a higher
success rate. Finally, experiment (f) combines tracking with 6D
pose estimation, achieving the highest reconstruction accuracy.

b) : To comprehensively analyze how video
quality influences the usability of generated data, we factorize
our evaluation along two orthogonal dimensions: the quality of
input video and the difficulty of the target manipulation task.
Data Quality Levels. We categorize input data into four quality
levels: (1) Sentence-level generation. Synthesized videos from
a text-conditioned video generation model (Wan2.2 [61]] and
Veo3 [1]). (2) In-the-wild human videos. Casually captured
or Internet manipulation videos, exhibiting uncontrolled view-
points, occlusions, and diverse visual artifacts. (3) Custom-
captured videos. Videos recorded by informed operators with
explicit consideration of reconstruction requirements, including
minimized occlusion, carefully selected camera viewpoints,
and stable object visibility. (4) Manually corrected videos. At
this level, reconstruction errors in hand and object poses are
manually corrected to eliminate estimation failures.

Task Difficulty Levels. We further stratify manipulation tasks
into four categories with increasing complexity: (1) Unimanual,

Single Bimanual Bimanual Bimanual
) Short-horizon Independent Cooperative Long-horizon )
Text
(wan2.2) 80 70 80 70
Text L 90 80 20 90 60 60
(veo3)
In-the-wild ~ (90 80 90 90 60 70
Custom - 100 100 100 100 80 90 50 50
Manually | 300 100 20 80
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Fig. 3: Usability evaluation of generated dexterous manipulation
data. The analysis considers two orthogonal factors: input data
quality and target task difficulty. We report data usability
rates for two representative manipulation tasks at each difficulty
level, with usability visualized on a gray-to-green color scale.

short-horizon tasks (e.g., grasping, placing). (2) Cooperative
bimanual, short-horizon tasks, which require bimanual coordina-
tion to manipulate a single object or multiple interacting objects
(e.g., holding a pot, pouring water). (3) Independent bimanual,
short-horizon tasks, where both hands operate simultaneously
but independently (e.g., parallel pouring or grasping). (4)
Cooperative bimanual, long-horizon tasks, the most complex
setting, involving temporally extended manipulation with
sustained coordination across multiple interaction stages (e.g.,
making a beverage, stacking cups, cutting an apple).

Figure [3 illustrates the proportion of usable data (i.e.,
physically plausible and training-ready samples) across different
data quality and task difficulty levels. For each difficulty level,
we select two representative tasks and report the average data
usability rate of different data sources. For sentence-level data,
we employ Wan2.2 [61] and Veo3 [1] to generate human
videos. Compared to Wan2.2, Veo3 exhibits stronger temporal
consistency and superior language-following capability. Con-
sequently, for low-complexity tasks, it achieves a high data
usability rate and remains robust for single-step and two-step
manipulations. Similar to generated videos, casually captured
human manipulation videos provide high-quality data for simple
tasks. However, due to factors such as suboptimal camera
viewpoints and frequent occlusions, their reconstruction success
rate degrades substantially as task complexity and temporal
horizon increase. When videos are captured by informed
operators, the reconstruction quality is significantly improved.
This setting yields near-complete data usability for simple tasks
and maintains a considerable success rate on challenging long-
horizon tasks. Finally, with manual correction, long-horizon
and fine-grained tasks (e.g., cooking and multi-cup stacking)
can be effectively processed, producing training-ready data.

B. Data Quality

In this section, we evaluate whether the data generated by
DexImit is of sufficient quality for policy learning. We take a
video as input and generate the source trajectory, and then apply



“wf

-
ylake-Beverage
~

Stack-Cup
K3

Fig. 4: DexImit can generate physically plausible data for long-horizon and fine-grained real-world tasks.

TABLE II: Success rate comparison with baselines across six
different task categories. “-” in the table indicates failure.

Task ‘ Put Cup  Grapefruit ~ Fruits Pour Pot  Stack Cups
Rigvid [48] 96 - 100 50 - -
Dexman [22] 94 98 - - - -
Ours 100 100 100 100 78 52

data augmentation to produce a dataset of 100 demonstrations.
We then train a DP3 [73] policy on the resulting dataset and
evaluate its performance in simulation.

Baseline. Only a few prior methods are capable of learn-
ing bimanual dexterous manipulation directly from RGB
videos. We therefore re-implement two recent representative
approaches and adapt them for evaluation in our bimanual
setting. RigVid [48]] estimates object poses directly from videos
and executes tasks via grasp synthesis and motion planning.
As RigVid is designed for a single-arm gripper, we extend it
to a bimanual dexterous hand setting for a fair comparison.
DexMan [22]] reproduces actions observed in videos using
reinforcement learning. Since its official codebase has not
been released, we re-implement the method following the
specifications described in the original paper.

Tasks. We select several representative tasks to evaluate data
quality: (1) Put Cup: place a mug onto a plate using one hand.
(2) Grapefruit: lift a grapefruit and place it onto a tray using
both hands. (3) Fruits: pick and place a fruit with each hand.
(4) Pour: hold a bottle with one hand and a bowl with the
other to pour liquid. (5) Pot: place an apple into a pot with
one hand, then lift the pot with both hands. (6) Stack Cups:
collaboratively stack six cups into a pyramid using both hands.
Results. As shown in Table [II} DexImit achieves the highest
success rate across all evaluated tasks. RigVid [48] performs
reasonably well on short-horizon, unimanual tasks, but fails
to handle bimanual manipulation and interaction-intensive
scenarios. DexMan [22]], which relies on reinforcement learning

Fig. 5: Real world experiment setup.

to track video-derived trajectories, is highly sensitive to
trajectory quality; even small per-frame action inconsistencies
can lead to training instability. Consequently, DexMan succeeds
only on short-horizon tasks and struggles with tasks involving
multiple sequential actions. For challenging long-horizon tasks,
neither baseline is able to achieve successful execution. In
contrast, DexImit explicitly decomposes manipulation into
subtasks and schedules them over time, while leveraging stable
grasp synthesis and keyframe-based motion planning to mitigate
the impact of trajectory noise. As a result, DexImit achieves
near-perfect performance on short-horizon tasks and maintains
a high success rate on the long-horizon Pot task. Notably, on the
challenging fine-grained Stack Six Cups task, DexImit achieves
a success rate of 52%, demonstrating its strong capability in
handling complex dexterous manipulation.

C. Task Difficulty

In Section [V-A] we study the data usability of DexImit
under varying data quality and task difficulty settings. For short-
horizon tasks, DexImit already demonstrates strong potential for
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Fig. 6: We evaluate DexImit on four real-world tasks under sim-to-real transfer, including unimanual manipulation, bimanual
pick-and-place, and cooperative bimanual interaction tasks. For each task, we compare three data augmentation ablations.
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Fig. 7: Breakdown of error cases. We identify four primary
sources of failure; remaining cases are grouped as Others.

scaling up bimanual dexterous manipulation. In this section, we
further evaluate the capabilities of DexImit from the perspective
of task difficulty. Specifically, we consider four long-horizon
tasks: (1) Make-Beverage is an ultra-long-horizon task, which
involves pouring three different beverages into a kettle, shaking
to mix them, and finally pouring the mixture into a glass. (2)
Cook is a long-horizon cooperative bimanual task, where apples
and strawberries are placed onto a plate, followed by bimanual
carrying of the plate and the pot. (3) Cut-Apple is a tool-using
task, requiring a firm grasp of the knife handle and precise
cutting of the apple. (4) Stack-Cup is a long-horizon fine-
grained task, which requires accurately stacking six cups into a
pyramid. Figure [ presents the qualitative results for these four
long-horizon tasks with multi-step hand-object interactions.
DexImit successfully generates robust action sequences and
produces physically plausible data. By leveraging force-closure-
based grasp synthesis and keyframe-based motion planning, it
effectively mitigates compounding errors in the reconstruction
process. Moreover, the Action-Centric Scheduling Algorithm
enables conflict-free scheduling of complex subtasks.

D. Zero-Shot Real World Deployment

DexImit reconstructs hand-object interactions from videos at
near-metric scale and enables comprehensive data augmentation
based on the generated source data, enabling policy learning
and zero-shot deployment in the real world.

Experimental Setup. Our real-world setup consists of two
URS5e arms equipped with XHands and a Microsoft Azure
Kinect depth camera (see Figure 5). We evaluate DexImit
on four meta-tasks: (1) Unimanual task: Place Apple (2)
Independent bimanual task: Place Potato&Pepper (3) Bimanual
grasping task: Place Pot (4) Cooperative bimanual task: Pour
Water. For each task, we apply data augmentation over object
pose and scale, camera pose, and visual observations.

Ablation Study. To quantify the contribution of augmentation

to real-world policy success, we conduct three ablation studies:
(1) w/o scale aug: scale augmentation is disabled. (2) regen
grasp: scale augmentation is applied, but motions are regener-
ated for each scaled instance instead of being reused. (3) w/o
obj pcd noise: visual augmentation is removed.

The detailed experimental results are shown in Figure [6]
Across all meta-tasks, DexImit achieves consistently high zero-
shot success rates, demonstrating both the physical plausibility
of the reconstructed data and the effectiveness of the proposed
data augmentation pipeline. The ablation results reveal several
key insights. First, removing scale augmentation leads to a
significant drop in success rate. Although the reconstructed
trajectories are close to metric scale, dexterous manipulation
requires precise spatial perception, and exposing the policy
to a distribution of metric-consistent scales during training is
crucial for robust real-world execution. Second, when scale
augmentation is applied but grasps and motions are re-generated
for each scale, performance degrades drastically, even below the
setting without scale augmentation. This is because motions
synthesized at different scales are inconsistent, introducing
conflicting supervision signals that hinder imitation learning.
Finally, removing visual augmentations including camera pose
and object point cloud noise results in reduced real-world
performance. This can be attributed to inherent noise in point
clouds captured by the Kinect depth camera.

V. LIMITATIONS

Limitation. Since DexImit generates data through the sequen-
tial execution of multiple modules, errors may propagate along
the pipeline, occasionally rendering the resulting data unusable.
To better understand the sources of failure, we randomly sample
100 failure cases and systematically analyze which module is
primarily responsible. The failure distribution is summarized in
Figure [7] In addition, we note that the current pipeline cannot
handle complex in-hand manipulation.

Future Work. Future work may explore end-to-end data gen-
eration approaches to improve both the efficiency and accuracy
of data generation. In addition, adapting the method to support
deformable and articulated objects could enhance its practicality,
which would require more powerful 3D generation models to
handle object deformation and articulated kinematics.

VI. CONCLUSION

We present DexImit, an automated data generation frame-
work for bimanual dexterous manipulation. DexImit directly



leverages RGB videos from the Internet or video generation
models as input, enabling robot learning without any additional
information. The framework follows a four-stage pipeline:
4D of hand-object interactions, subtask de-
composition and bimanual scheduling, action generation
based on force-closure constraints, and comprehensive data
augmentation—to produce physically plausible data across
a diverse range of manipulation tasks. Extensive experiments
demonstrate DexImit’s ability to scale data generation and
its effectiveness on challenging tasks with complex hand-
object interactions. These results highlight the framework’s
effectiveness in addressing the longstanding challenge of data
scarcity in dexterous manipulation.
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