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Figure 1: DynamicManip is able to augment diverse dynamic manipulation data from a single static
task demonstration in the real world. Leveraging the augmented data, our dynamic-aware adaptive
policy enables generalized dynamic manipulation with efficient inference.

Abstract

Dynamic manipulation is a critical capability for robots operating in complex and1

dynamic environments, where robots must interact with objects that are moving or2

require rapid adjustments. However, learning models for dynamic manipulation3

tasks faces two major challenges: 1) the combinatorial complexity of dynamic4

scenarios leads to substantial data requirements, 2) rapid variations in dynamics5

require real-time and accurate policy execution. In this paper, we propose Dy-6

namicManip to address these challenges through an efficient data augmentation7

pipeline and a low-latency imitation policy. We first propose a static-to-dynamic8

augmentation pipeline that synthesizes diverse dynamic manipulation demonstra-9

tions from a single static demonstration. Second, we introduce a dynamic-aware10

adaptive policy that adaptively adjusts its inference frequency according to task11

dynamics, enabling responsive and effective dynamic manipulation. Third, we12

build a dynamic task manipulation benchmark, which includes diverse dynamic13

tasks with an automatic evaluation system for scalable and consistent assessment.14

Extensive experiments in both simulation and the real world demonstrate that Dy-15

namicManip not only provides significant improvements in data efficiency but16

also achieves superior performance in dynamic manipulation tasks, with higher17

success rates and better dynamic responsibility.18

1 Introduction19

A long-term goal in robotics is to deploy robots in everyday human environments[? ? ? ], where they20

can assist people and integrate into our daily workflows. To realize this vision, robots must handle21

dynamic tasks in which the target objects are in motion, such as catching a flying ball or stopping22

a glass about to slip off the table[? ]. These tasks require the ability of a robot to continuously23

perceive, track, and respond to objects in motion through closed-loop perception-action cycles.24

However, dynamic manipulation remains significantly challenging compared to static tasks. Two25

fundamental challenges stand in the way[? ]. First, collecting data for dynamic tasks is inherently26

difficult, owing to the combinatorial explosion of object velocities, trajectories, and robot response27

timings [? ? ]. Second, dynamic manipulation demands real-time model inference to cope with28

rapid state variations [? ? ? ? ? ]. Traditional methods typically trade inference speed for precision29

and train on quasi-static datasets, making them incompetent for dynamic tasks [? ].30

To overcome these limitations, we present DynamicManip, which addresses the challenges of dy-31

namic manipulation learning through (1) a static-to-dynamic data augmentation pipeline to synthe-32

size diverse dynamic data from a single static data while preserving underlying physical consistency33
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and robot behavior patterns. (2) a dynamic-aware adaptive policy that accelerates inference accord-34

ing to dynamic manipulation situations while preserving precision.35

For data augmentation, the augmentation pipeline enables flexible modification of object dynamics36

and robot motion. Specifically, the pipeline first builds the geometric reconstruction of the manip-37

ulation environment, allowing point cloud rendering of both objects and the robot under arbitrary38

configurations. It then edits object trajectories and performs motion planning to synthesize corre-39

sponding closed-loop robot actions, ensuring physically consistent dynamic interactions.40

Based on the augmented data, the proposed policy enables efficient inference by adaptively adjust41

the policys inference strategy. Specifically, we construct a dynamic-stage awareness that indicates42

whether high or low computational effort is required. This stage awareness is heuristically and auto-43

matically annotated by our augmentation pipeline, precisely derived from the underlying objectrobot44

interaction dynamics. Then we train a lightweight auxiliary head to predict the dynamic-stage aware-45

ness, which is used during inference to reduce diffusion denoising steps or increasing chunk-based46

execution adaptively.47

To support our framework, we introduce the DynamicManip Benchmark, comprising diverse dy-48

namic manipulation tasks with an automatic evaluation pipeline for comprehensive experiments.49

Our benchmark is built on the RoboTwin 2.0 platform [? ], where we provide highly configurable50

dynamic task environments for data collection and an automatic evaluation system that reliably mea-51

sures task success rates, response times, and robustness to variations in object motion.52

Comprehensive experiments in both simulation and the real world demonstrate that our approach53

systematically scales a single static human demonstration into a diverse dynamic dataset, drastically54

reducing both the time consumption and human labor required by traditional continuous teleoper-55

ation. Moreover, the proposed policy achieves substantially faster execution speeds while main-56

taining high precision, enabling highly responsive closed-loop control in dynamic scenarios with57

significantly higher success rates.58

2 Related Work59

2.1 Robot Manipulation60

Robot manipulation has been a long-standing area of research and a central pillar of the robotics61

community, widely regarded as one of the most tangible pathways toward general-purpose embodied62

intelligence[? ? ? ]. Recent methods such as Imitation Learning (IL) [? ? ? ? ? ] and Vision-63

Language-Action (VLA) [? ? ? ? ? ? ] have achieved impressive results on learning the underlying64

distribution from large-scale expert demonstrations and predicting action sequences conditioned on65

observations. However, these methods primarily focus on static tasks where the target objects remain66

stationary during manipulation. In these scenarios, the demand for data scale is relatively modest67

and the model inference speed is not held to stringent requirements.68

2.2 Dynamic Tasks69

Dynamic manipulation is pervasive in everyday and industrial environments, from catching a slip-70

ping glass to sorting products on moving conveyors. Such tasks require a robot to continuously track71

and respond to objects whose state evolves unpredictably, demanding rapid perception, predictive72

planning, and low-latency action generation in closed-loop perception–action cycles. Despite its73

importance, general dynamic manipulation under uncertain motion and fine contact constraints re-74

mains underexplored. Existing methods largely focus on static settings or structured scenarios with75

predictable motion, such as DBC-TFP [? ] and GEM [? ] in conveyor-like environments. Concur-76

rent VLA approaches, including RDT-2 [? ], RTVLA [? ], and VLASH [? ], demonstrate real-time77

interaction with fast-moving targets but operate with large contact margins and lack precise manip-78

ulation. Although some work like DynamicVLA[? ? ? ] try to address this problem, a significant79

gap remains between current capabilities and the demands of real-world dynamic manipulation.80

2.3 Data Collection and Augmentation81

High-quality and diverse demonstration data is critical for learning robust manipulation policies[?82

? ? ? ? ? ], yet collecting such data remains expensive[? ? ? ? ], especially for dynamic tasks83
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Figure 2: The pipeline of our static-to-dynamic data augmentation. From a single static demonstra-
tion, we localize the manipulation object and target and reconstruct their geometry. We then extract
action-based keyframes, where labels such as start, grasp, interact, and recover only serve as intu-
itive annotations for segmenting the source motion into reusable pieces. Dynamic trajectory editing
then organizes stages such as Dynamic Target Alignment (Φdyn) to synthesize diverse trajectories,
which are generated through motion planning and replaying local interaction segments.

with large combinatorial variation[? ? ? ]. Data augmentation has therefore emerged as a promising84

direction to scale limited demonstrations[? ]. Existing approaches can be broadly categorized into85

several groups. 2D visual augmentation methods (e.g., GenAug [? ? ]) modify appearance through86

image-level transformations but do not enforce 3D consistency. Implicit 3D reconstruction methods87

(e.g., RoboSplat [? ]) improve visual fidelity via neural scene representations, yet typically do88

not adapt action trajectories accordingly. Geometric augmentation approaches (e.g., RoCoDA [?89

]) apply SE(3)-equivariant transformations in state space but are largely limited to rigid global90

transformations. Simulation-based methods (e.g., FAR-Dex [? ]) can generate physically plausible91

trajectories but may suffer from sim-to-real discrepancies. More recent work such as DemoGen [? ]92

explores trajectory editing for tabletop tasks, but only generates quasi-static variations and does not93

address the temporal dynamics critical for dynamic manipulation. In contrast, our method generates94

diverse dynamic trajectories only using minimal static demonstrations.95

3 Method96

3.1 Overview97

We study dynamic manipulation from extremely limited demonstrations, where the robot must learn98

to interact with moving objects while maintaining low perception–action latency. DynamicManip99

addresses this problem with two coupled components: a static-to-dynamic augmentation pipeline100

that converts a single static demonstration into diverse dynamic episodes, and a dynamic-aware101

imitation policy that adjusts its inference behavior according to the current interaction phase.102

3.2 Efficient Data Augmentation103

The core insight behind our augmentation pipeline is that a static demonstration already specifies104

how the robot should interact with the object, while the dynamic variations mainly come from where105

and when the interaction happens. Therefore, instead of collecting dynamic demonstrations directly,106

we preserve the local interaction patterns in the source episode and edit the object motions, phase107

anchors, and transition targets to synthesize new dynamic episodes. Given a single source episode108

Esrc = {(pt, et,qt)}Tt=0, where pt ∈ RN×3 is the scene point cloud, et ∈ SE(3) is the end-effector109

pose, and qt ∈ Rd is the robot state, our pipeline generates K augmented dynamic episodes through110

geometric reconstruction, keyframe extraction, and dynamic trajectory editing.111

Geometric reconstruction. A key challenge in editing single-view demonstrations is that raw112

point clouds are incomplete and view-dependent: after spatial transformation, previously occluded113

object surfaces are partly missing from the recorded observation. To avoid such geometric artifacts,114

we reconstruct both the manipulated object and the robot geometry before trajectory editing. For the115

object, we generate a CAD mesh from a single RGB image and align it to the observed object point116

cloud Po using OBB-based coarse initialization followed by multi-resolution ICP refinement [? ].117

The aligned mesh is then resampled into a canonical object point cloud, which can be transformed118

coherently under arbitrary spatial edits. For the robot, instead of relying on noisy and partially ob-119

served sensor points, we render the robot point cloud from its URDF model and joint configuration120

qt via forward kinematics: Probot
t = RenderRobot(URDF,qt). Together, the reconstructed object121

point cloud and the rendered robot point cloud provide a complete and consistent scene representa-122

tion for subsequent trajectory editing.123

Keyframe Extraction. A single static demonstration contains the local interaction priors needed124

for dynamic task synthesis, but these priors must be separated into reusable segments. We therefore125

ask the user to annotate only a small set of keyframes, such as object-contact moments, post-contact126

states, and task-specific transition points. These keyframes define the boundaries of reusable phases127

and provide anchor frames for later trajectory editing.128
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Figure 3: Overview of the dynamic-aware adaptive policy. During training, stage labels auto-
matically extracted from augmented trajectories provide auxiliary supervision for stage prediction.
During deployment, the predicted stage is used to adaptively regulate the policy inference frequency
according to the current task dynamics.

Dynamic trajectory editing. After geometric reconstruction and keyframe extraction, we aug-129

ment the single static demonstration by editing, planning, and recomposing its annotated phase130

segments. For the k-th augmented episode, we sample a set of task-specific augmentation parame-131

ters ξk ∼ D, which control variations in object poses, object motions, phase anchors, and transition132

goals. Guided by ξk, we synthesize new dynamic trajectories by instantiating and composing the133

following four distinct phases:134

Static Object Acquisition (Φstatic) This phase corresponds to the trajectory segment where the robot135

manipulates a static object in the single demonstration, such as grasping a hammer or picking up a136

basket. Since the object is static, this segment can be augmented by applying a rigid transformation137

T static
k ∈ SE(3) to the entire phase: p′

t = T static
k pt, e

′
t = T static

k et. Such translations and rotations138

provide strong spatial generalization for static object handling.139

Dynamic Target Alignment (Φdyn). Dynamic object manipulation is difficult to demonstrate through140

teleoperation, as it requires precise timing and smooth tracking of moving objects. Instead of re-141

quiring dynamic demonstrations, we only use a static terminal keyframe that specifies the desired142

object-frame relative pose T ∗
rel of the end-effector. Given a synthesized object motion T k

obj(t), the143

desired end-effector pose is defined as ekgoal(t) = T k
obj(t)T

∗
rel. A motion planner then generates a144

smooth trajectory to reach these object-conditioned poses while satisfying robot constraints. Com-145

pared with teleoperated data, the planned trajectory avoids human-induced jitter and better utilizes146

the robot’s reachable workspace.147

Contact Interaction Execution (Φinter). This phase contains the local contact behavior between the148

end-effector and the object, such as closing the gripper during dynamic graspingr or striking a target149

with a hammer. We represent the interaction segment relative to an anchor frame A and replay it150

under a new anchor Ak: e′t = AkA
−1et. By reusing this local interaction pattern, the robot can151

perform dynamic interactions with objects at different positions and orientations.152

Pose-Conditioned Transition (Φtrans). This phase moves the robot to a recorded keyframe pose153

under a new spatial configuration. Given a recorded pose ekey and a pose offset T trans
k ∈ SE(3),154

we define the transformed target pose as ekkey = T trans
k ekey, and use motion planning to generate a155

trajectory from the current state to ekkey. This phase is used for rigid object transport, intermediate156

transitions, and returning to the reset configuration.157

Flexible Composition. The four phase operators can be flexibly composed according to the inter-158

action logic of each task. For example, a typical dynamic manipulation trajectory can be generated159

as Φstatic → (Φdyn → Φinter → Φtrans)
L, where L denotes the number of interaction cycles.160

Other tasks can be instantiated by reordering, skipping, or repeating different phase operators. By161

varying ξk during composition, our pipeline generates diverse dynamic trajectories from only one162

keyframe-annotated static demonstration. Importantly, because every timestep is produced by a163

known phase operator, the augmented dataset also provides stage labels that can be directly used to164

train a dynamic-aware policy.165

3.3 Dynamic-aware Imitation Learning Policy166

Based on the augmented data, our goal is to train a policy that is not only accurate but also responsive167

enough for dynamic manipulation. Specifically, we introduce a dynamic interaction stage awareness168

mechanism, which flexibly apply inference strategies based on the objectrobot interaction stage.169

Dynamic-stage Awareness Learning To enable the policy aware of its inference stage, we lever-170

age the generated pseudo-labels in our augmentation pipeline. Specifically, every augmented tra-171

jectory carries a stage label ℓt ∈ {Φstatic,Φdyn,Φinter,Φtrans} for each timestep t, reflecting the172

interaction logic that produced it. We attach a lightweight classification head hϕ to the shared obser-173

vation encoder. Given encoded features ft, the head predicts a stage distribution p̂t = hϕ(ft) over174
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Figure 4: The visualization of the tasks in DynamicManip Simulation Benchmark.

the four stages, supervised by a cross-entropy loss:175

Lstage = − 1

T

T∑
t=1

log p̂t(ℓt). (1)

The total training objective combines the diffusion loss with this auxiliary term:176

L = Ldiff + λLstage, (2)

where λ balances action fidelity and stage awareness. This auxiliary objective encourages the en-177

coder to aware of the current stage, which helps the policy adaptively adjust its inference strategy.178

Dynamic-adaptive inference. At deployment, the trained stage classifier produces a per-timestep179

prediction ℓ̂t = argmaxk p̂t(k). Conditioned on this stage label, the policy dynamically adjust its180

computational allocation including the denoising schedule and the action-chunk execution depth.181

For the denoising schedule, we adopt a DDIM[? ] sampling[? ? ] acceleration mechanism that treats182

each residual block output y(s) as a smooth function of the diffusion step index s and approximate183

it via a Taylor expansion around a recently computed anchor step s0:184

y(s) ≈
K∑

k=0

1

k!
y(k)(s0) (s− s0)

k, (3)

where the derivatives y(k)(s0) are estimated via backward finite differences between consecutive185

full-computation steps (see Appendix for details). By skipping expensive forward passes at interme-186

diate denoising steps, this approximation reduces inference latency with negligible accuracy.187

We let the predicted stage ℓ̂t determine three scheduling parameters: the TaylorSeer computation188

interval τ (how often to perform full recomputation), the expansion order K, and the number of189

action-chunk steps nexec to deploy per cycle. Different stages have fundamentally different latency–190

consistency trade-offs:191

In Φstatic, we use a conservative schedule with frequent full recomputation and short execution192

chunks, since inaccurate early actions may lead to irreversible grasp failure.193

In Φdyn, tracking fast-moving targets demands minimal closed-loop latency. We adopt an aggressive194

Taylor configuration with a large interval τfollow and short action-chunk execution nshort, re-planning195

frequently so that corrections are applied at every cycle.196

In Φinter, maintaining contact quality and motion smoothness requires temporal coherence. We197

switch to a conservative setting with a smaller interval τinteract and a longer action-chunk prefix198

nlong > nshort, prioritizing consistency over raw speed.199

In Φtrans, returning has the least stringent timing requirements. We apply the most aggressive200

acceleration (largest interval, higher-order expansion) with full action-chunk execution, minimizing201

compute overhead during non-critical motions.202

This stage-awared scheduling mechanism ensures reasonable computational resources allocation,203

which balances responsiveness , consistency , and efficiency.204
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Figure 5: The visualization of real-world robot setup and the objects used in our experiments.

4 DynamicManip Benchmark205

To support the evaluation of dynamic manipulation capabilities, we introduce the DynamicManip206

Benchmark based on the RoboTwin 2.0 platform. We design 6 dynamic tasks environments for207

convenient data collection and policy evaluation, as illustrated in Figure 4.208

Data Collection. We extend the RoboTwin 2.0 pipeline with two key modifications tailored for209

dynamic manipulation. First, a dynamic-aware heuristic planner continuously tracks moving targets,210

predicts future positions, and triggers grasps at optimal moments. Second, a contact-release mecha-211

nism transfers control from scripted trajectories to the physics engine upon physical contact. These212

additions enable the robot to actually track and interact with moving objects, ensuring high-quality213

data collection. Finally, we record expert demonstrations capturing head-camera RGB, propriocep-214

tive states, and scene step deltas at 30 FPS.215

Automatic Evaluation. We design a task-specific automatic evaluation system that determines216

success based on distinctive physical signatures (e.g., state-machine-based contact detection for tap-217

ping). After each evaluation, it generates a detailed diagnostic report including per-stage success218

flags, trajectory residuals, and specific failure reasons. To ensure accuracy and reliability, we rigor-219

ously validated the system through manual review. By inspecting 100 evaluation episodes per task,220

we confirmed the automatic evaluation achieves perfect agreement with human judgment.221

5 Experiments222

We comprehensively evaluate the proposed DynamicManip framework in both simulated and real-223

world dynamic environments. Our experiments are designed to answer the following key questions:224

Q1: Regarding data efficiency, can our augmented data match or exceed human demonstrations225

while significantly reducing the collection time?226

Q2: In dynamic scenarios, how does our dynamic-aware policy perform in terms of reaction227

speeds and task success rates compared to the baseline?228

Q3: For the ablation study, how much do mesh reconstruction and robot rendering contribute229

to the final success of the policy?230

5.1 Experiment Settings231

Simulation Setup. We conduct simulation experiments to evaluate the performance of Dynamic-232

Manip on the DynamicManip Benchmark. We use two ARX-X5 robotic arms with a pair of parallel233

grippers, a RealSense D435 head camera for visual perception. More details on the simulation234

environment can be found in the supplementary material.235

Real-World Hardware Setup. We also perform real-world experiments to validate the effectiveness236

of our approach. We use a pair of AgileX Piper robots with parallel grippers and a RealSense L515237

depth camera for visual perception.238

Evaluation Metrics. We use the Success Rate (Suc.) to measure the performance, which measures239

the proportion of trials in which the robot successfully completes the dynamic task. For example,240

hitting a moving target, catching an object, or intercepting a goal-bound item;241
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Table 1: Comparison of models trained on human demonstrations vs. our synthetic data in simula-
tion.

Setting Dynamic
Tapping

Belt
Picking

Object
Catching

Mole
Whacking

Goal
Blocking

1 demo 27 0 8 3 12
10 demos 15 5 54 21 46
50 demos 19 31 37 63 94
200 demos 55 85 50 83 87

1 demo
aug.−−→ 50 eps 45 44 70 63 88

1 demo
aug.−−→ 200 eps 52 82 68 80 87

Table 2: Comparison of models trained on human demonstra-
tions vs. our synthetic data in real world.

Setting Dynamic
Tapping

Belt
Picking

Boat
Loading

Bottle
Catching

1 demo 6.67 30 0.00 0.00
50 demos 68.9 70.3 3.33 73.3

1 demo
aug.−−→ 50 eps 61.1 56.7 23.3 76.7

1 demo
aug.−−→ 200 eps 87.8 73.3 66.7 83.3

Table 3: Time cost comparison for
data collection and augmentation.

Method Time Cost

Human Collection
Teleop. (50 dyn. demos, 2 persons) ∼100 mins
Teleop. (200 dyn. demos, 2 persons) ∼400 mins
Teleop. (1 static demo, 1 person) ∼30 s

Automated Augmentation
Aug. (50 eps, human-free) ∼7 mins
Aug. (200 eps, human-free) ∼30 mins

Training and Inference Details. Our framework adopts DDIM as the diffusion sampler, configured242

with 100 steps during training. At test time, we use dynamic-aware diffusion steps. We train for 300243

epochs with a batch size of 128. Optimization uses an initial learning rate of 2.0 × 10−4, decayed244

via a cosine schedule. All experiments are implemented in PyTorch on a single RTX 4090 GPU for245

training, while real-world inference is performed on a single RTX 4070 GPU. Additional details are246

available in the supplementary material.247

Baseline. We compare our method against the state-of-the-art imitation learning policy, 3D-248

Diffusion-Policy [? ], reproduced following the official RoboTwin defaults across every experiment,249

trained on the identical demonstration set, and evaluated under the same benchmark protocol, ensur-250

ing a fair comparison that isolates the contribution of our augmentation and inference components.251

5.2 Can Augmented Data Match or Exceed Human Demonstrations (Q1)252

To evaluate our augmentation pipeline’s ability to overcome data scarcity, we compare the policy253

performance and collection cost of our generated data against manual demonstrations, using the254

DP3 baseline in both our simulated DynamicManip Benchmark and real-world physical setups.255

Simulation Analysis. A single human demonstration inherently encapsulates rich physical priors256

and interaction logic. However, conventional direct training methods struggle to extract this knowl-257

edge efficiently, relying instead on massive data scaling to achieve satisfactory performance. As258

shown in Table 1, our augmentation pipeline breaks this paradigm. By fully unlocking the poten-259

tial of just one static demonstration, our synthesized dynamic episodes enable the policy to achieve260

success rates matching or even exceeding those of models trained on extensive human datasets (e.g.,261

200 manual demos). This demonstrates that our geometric reconstruction and trajectory editing not262

only generate data as effective as human demonstrations, but frequently yield data of higher quality263

and broader dynamic coverage.264

Real-World Validation and Time Efficiency. The superiority of our framework extends robustly265

to complex real-world environments (Table 2). Using only a single static demonstration, scaling266

the number of augmented episodes steadily boosts the policy’s performance, easily surpassing the267

success rates of models trained on 50 expensive, teleoperated dynamic demonstrations. This proves268

that our augmentation strategy can effectively solve highly challenging dynamic tasks in the physical269

world. Furthermore, we achieve these higher success rates with drastically reduced collection costs270

(Table 3). While recording 50 manual dynamic demonstrations requires two synchronized operators271

and an hour of continuous teleoperationwhich is highly prone to human error and physical hardware272

damageour method demands only about one minute of human teaching. Because the subsequent273

augmentation process is fully automated and human-free, our approach virtually eliminates manual274
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Table 4: Latency and success rate comparison between baseline and adaptive dynamic-aware policy.

Dynamic
Tapping

Belt
Picking

Object
Catching

Mole
Whacking

Goal
Blocking

Method T. Suc. T. Suc. T. Suc. T. Suc. T. Suc.

Baseline [? ] 60 44.8 45.0 78 61.4 28 44.4 38 44.6 58

Ours 56 32.5 32.9 80 36.0 26 30.6 44 33.9 88

Table 5: Ablation study on key components of our dynamic-aware adaptive policy.

Object Mesh Recon. Robot Recon. Avg. Success Rate (%)
✓ ✓ 76.7
× ✓ 10.0
× × 6.67

labor. This allows the overall end-to-end time consumption to remain far below that of manual data275

collection, offering a highly efficient and scalable solution.276

Summary. These findings decisively answer Q1: DynamicManip successfully synthesizes highly ef-277

fective training data at a fraction of the cost, completely overcoming the data scarcity bottleneck. Be-278

yond data quantity, our framework offers qualitative advantages: motion-planned trajectories yield279

smoother, safer, and jitter-free policy execution, while our diverse augmentation strategies endow280

the model with superior spatial generalization compared to raw human teleoperation. Ultimately,281

we deliver superior dynamic manipulation capabilities while reducing human effort from hours of282

tedious operation to a single minute of teaching.283

5.3 Real-Time Performance of the Dynamic-Aware Policy (Q2)284

Dynamic manipulation fundamentally hinges on minimizing perception-action latency to keep pace285

with unpredictable moving targets. Traditional diffusion-based models often sacrifice execution286

speed for generative precision, leading to critical tracking delays. As shown in Table 4, our dynamic-287

aware policy effectively breaks this trade-off, achieving a substantial and consistent reduction in288

inference latency across all benchmark tasks compared to the DP3 baseline. This accelerated closed-289

loop cycle empowers the robot to update its visual perception and correct trajectory deviations with290

significantly higher frequency, providing a foundation for robust reactive control.291

This aggressive inference acceleration actively enhances dynamic tracking while largely preserving292

accuracy. Driven by low-latency responsiveness, our policy largely matches or even exceeds the293

success rates of the baseline, particularly in time-critical tasks like Goal Blocking and Belt Pick-294

ing. This synergy of speed and accuracy is directly attributed to our stage-conditioned TaylorSeer295

mechanism, which intelligently maximizes inference speed during tracking phases while preserving296

precision during contact interaction. These results definitively answer Q2: our framework deliv-297

ers significantly faster reaction speeds and superior closed-loop performance, ensuring effective298

dynamic manipulation in fast-paced scenarios.299

5.4 Contribution of Mesh Reconstruction and Robot Rendering (Q3)300

Spatial editing directly on raw, single-view point clouds is prone to severe geometric distortions301

due to occlusion and view dependency. As shown in Table 5, removing object mesh reconstruction302

substantially degrades the average success rate to 10.0%, as editing partial point clouds introduces303

a critical mismatch between augmented training data and inference observations. Further removing304

kinematic robot rendering worsens the performance to 6.67% by causing spatial inconsistencies in305

the robot’s own embodiment. Conversely, our full pipeline yields a 76.7% success rate, demon-306

strating that both mesh-based object reconstruction and kinematic robot rendering are essential for307

maintaining the geometric coherence required for robust single-view dynamic augmentation.308

8



6 Conclusion309

In this paper, we present DynamicManip to address the critical bottlenecks of data scarcity and310

inference latency in dynamic robot manipulation. We introduce an efficient static-to-dynamic aug-311

mentation pipeline that synthesizes diverse, physically plausible demonstrations from only a single312

static demonstration, alongside a dynamic-aware adaptive policy that intelligently regulates infer-313

ence frequency for responsive closed-loop control. Furthermore, we establish a comprehensive314

dynamic manipulation benchmark with an automatic evaluation system to provide a scalable as-315

sessment standard. Extensive experiments in both simulation and real-world settings demonstrate316

that our approach significantly improves data efficiency and task success rates while achieving faster317

inference than existing baselines. By effectively bridging the gap between minimal static data and318

complex reactive execution, our framework represents a robust and scalable step toward deploying319

robots in unstructured, fast-paced human environments.320
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Appendix321

A Network Architecture & Training Details322

A.1 Network Architecture323

Our model adopts a diffusion-based framework that incorporates dynamic-aware perception and324

action generation capabilities. The architecture is designed to process multi-modal observations and325

generate precise robot actions through a denoising diffusion process.326

A.1.1 Input modalities.327

The model takes three types of inputs at each timestep:328

Point clouds: Single-view point clouds serve as high-overload visual observations, denoted as329

oh
t ∈ RN×3, where N = 2048 points are obtained via Farthest Point Sampling (FPS). We define the330

observation horizon as to and in our experiments, we set to = 6.331

Proprioception: Low-overload robot state observations ol
t ∈ RM capture joint positions and332

gripper configurations across a temporal window. The proprioception shares the observation horizon333

as to.334

Point Cloud Encoder. We first crop the point cloud using a 3D bounding box and downsample335

to N = 2048 points via FPS. We employ a PointNet encoder to independently encode each of the336

Khigh sampled frames, then concatenate the features along the channel dimension to obtain the final337

visual representation fh.338

State Encoder. Proprioceptive observations are encoded per frame with a lightweight MLP. For339

each observation step, the robot state vector is projected into a state feature token via the MLP. sThe340

state feature is then concatenated with the point-cloud feature at the same timestep.341

A.1.2 Loss Function342

We employ FiLM [? ] conditioning to inject the conditional feature fc into the denoising network,343

which predicts the noise associated with the robot action a ∈ Rka , where ka denotes the action di-344

mension specific to the task. The primary training objective minimizes the denoising score matching345

loss:346

Ldiff = Ea0,ϵ∼N (0,I)

[
∥ϵ− ϵθ(at, t)∥2

]
, (4)

where ϵ ∼ N (0, I) is the Gaussian noise, and the network ϵθ is trained to predict the added noise347

given the noisy action at and the diffusion timestep t. We employ DDIM [? ] for inference sampling.348

Dynamic-Stage Awareness Learning Every augmented trajectory carries a stage label ℓt ∈349

{Φstatic,Φdyn,Φinter,Φtrans} at each timestep t, reflecting the interaction logic that produced it.350

We leverage these labels as free supervision signals by attaching a lightweight classification head351

hϕ to the shared observation encoder. Given the fused feature flh processed through a dense fu-352

sion network ϕdense, the head predicts a stage distribution p̂t = hϕ(ϕdense(flh)) over the four stages,353

supervised by a cross-entropy loss:354

Lstage = − 1

T

T∑
t=1

log p̂t(ℓt). (5)

The dense fusion network ϕdense enhances feature representations that are subsequently used by the355

diffusion decoder, while hϕ is intentionally kept as a lightweight single-layer MLP to mitigate the356

risk of overfitting the auxiliary head. The total training objective combines both losses:357

L = Ldiff + λLstage, (6)

where λ = 0.1 balances action fidelity and stage awareness. This auxiliary objective encourages the358

encoder to learn representations that disambiguate interaction phases, which are later exploited at359

inference time without any additional computation.360
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A.2 Training Configuration361

We train all models using the AdamW optimizer with learning rate 1 × 10−4, betas [0.95, 0.999],362

weight decay 1 × 10−6, and batch size 128. Training proceeds for 1500 epochs with a cosine363

learning rate schedule and 500 warmup steps. We employ Exponential Moving Average (EMA)364

with momentum 0.9999 on model parameters, activated after the first training step.365

The noise scheduler follows a squared cosine schedule with 100 diffusion timesteps during training,366

with βstart = 0.0001 and βend = 0.02. For inference, we use DDIM sampling with 10 denoising367

steps to efficiently generate action sequences.368

Data augmentation is minimal to preserve the precise geometric relationships required for manipu-369

lation: we only apply random translation within ±2cm in the horizontal plane during point cloud370

preprocessing. All models are trained on a single NVIDIA RTX 4090 GPU.371

A.3 Inference372

A.3.1 Inference Sampling.373

We employ DDIM for efficient inference sampling. The reverse diffusion process is formulated as:374

at−1 =
√
ᾱt−1

(
at −

√
1− ᾱtϵθ(at, t)√

ᾱt

)
+
√
1− ᾱt−1ϵθ(at, t), (7)

where ᾱt−1 and ᾱt are the cumulative noise schedule coefficients at timesteps t − 1 and t, respec-375

tively. We use 10 denoising steps during inference for efficient real-time deployment.376

A.3.2 TaylorSeer Acceleration377

During inference, the diffusion model must solve the reverse denoising process iteratively, which378

requires multiple forward passes through the 1D U-Net. Each DDIM step involves computing ac-379

tivations for all residual blocks across three resolution levels, making inference computationally380

expensive and limiting the real-time control frequency of the policy. To address this bottleneck, we381

introduce a Taylor-based acceleration mechanism that replaces selective U-Net forward passes with382

Taylor series extrapolation during the denoising trajectory.383

Principle. The core observation is that adjacent DDIM steps produce highly correlated intermediate384

features — the U-Net’s residual block outputs vary smoothly as the noise level changes incremen-385

tally along the reverse trajectory. Let f (l)(ti) denote the output of residual block l at denoising386

step ti. We maintain a cache of Taylor coefficients computed via backward finite differences over387

consecutive steps:388

c0 = f (l)(ti), c1 =
f (l)(ti)− f (l)(ti−1)

ti − ti−1
, c2 =

c
(i)
1 − c

(i−1)
1

ti − ti−1
, (8)

and so on up to the maximum order K. For a future step ti+δ where we skip the full forward pass,389

the Taylor prediction is:390

f̂ (l)(ti+δ) =

K∑
j=0

cj
j!

(ti+δ − ti)
j . (9)

Effect. TaylorSeer reduces inference latency by avoiding redundant full U-Net evaluations at se-391

lected DDIM steps. In our implementation on a single NVIDIA RTX 4090 GPU, one standard392

DDIM denoising step with a full 1D U-Net forward pass takes approximately 46 ms, whereas one393

TaylorSeer extrapolation step only takes approximately 22 ms. This gives a per-step speedup of394

46

22
≈ 2.09×, (10)

corresponding to a 52.2% reduction in latency for each approximated denoising step.395

For the 10-step DDIM sampler used during deployment, let m denote the number of denoising steps396

replaced by Taylor extrapolation. The total inference latency can be estimated as397

T (m) = (10−m) · 46 +m · 22 = 460− 24m ms. (11)
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Therefore, each Taylor step saves approximately 24 ms. The resulting speedup over the vanilla398

10-step DDIM sampler is399

S(m) =
460

460− 24m
. (12)

This acceleration is especially beneficial for real-time robot control, where the policy must repeat-400

edly sample action trajectories under a strict control-frequency budget. Since Taylor operates only401

on intermediate U-Net features during inference, it does not modify the diffusion training objective,402

the DDIM update rule, or the policy output representation, making it a plug-and-play acceleration403

module for the deployed diffusion policy.404

Computation Scheduling We do not apply Taylor approximation at every step. Instead, we adopt a405

periodic recomputation strategy that interleaves full forward passes with Taylor predictions. Specif-406

ically:407

• First step: always computed fully to establish the initial anchor.408

• First k steps (default k = 3): always computed fully, as the early denoising steps contain409

the most informative signal about the target action distribution.410

• Every τ steps (default τ = 5): computed fully to refresh the Taylor coefficients and411

prevent extrapolation drift.412

• All other steps: replaced by Taylor prediction of order K (default K = 1, i.e., linear413

extrapolation).414

With τ = 5, K = 1, and k = 3 under T = 10 DDIM inference steps, 6 out of 10 steps use Taylor415

prediction while only 4 steps require full U-Net evaluation, yielding approximately 1.45× reduction416

in forward passes per inference call.417

Per-Stage Adaptive Scheduling Different interaction stages have distinct requirements for infer-418

ence accuracy and re-planning frequency. We define four task stages corresponding to the data419

augmentation phases: Φstatic (static object acquisition), Φdyn (dynamic target alignment), Φinter420

(contact interaction execution), and Φtrans (pose-conditioned transition). For each stage, the pre-421

dicted stage classifier output ℓ̂t determines three scheduling parameters: the TaylorSeer computation422

interval τ , the Taylor expansion order K, and the number of executed action steps nexec from the423

predicted action chunk. The scheduling parameters are listed in Table 6.424

Stage τ (interval) K (order) nexec

Φstatic 5 1 6
Φdyn 7 1 2
Φinter 3 1 8
Φtrans 8 2 8

Table 6: Stage-specific TaylorSeer and execution step scheduling. τ is the recomputation interval,
K is the Taylor polynomial order, and nexec is the number of action steps executed per inference call.

A.3.3 Execution Step Configuration425

The policy operates in a receding horizon control loop. At each inference call, the model predicts426

an action chunk of length H = 8 (the action horizon) via DDIM sampling with T = 10 denoising427

steps. Only a subset of nexec actions from this chunk are actually executed before the next inference428

call is triggered. The remaining actions are discarded, and a fresh prediction is computed from the429

updated observations.430

In our framework, nexec is adjusted per Table 6.431

B Efficient Data Augmentation Pipeline432

In this section, we provide a detailed description of the data augmentation pipeline used in our433

framework. The process begins with a single static demonstration, from which we systematically434
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synthesize massive and diverse augmented episodes featuring complex dynamic target movements.435

To guarantee seamlessly scale up the training dataset, our augmentation engine is parallelized across436

a cluster of four NVIDIA RTX 4090 GPUs. This fully automated pipeline encompasses several437

critical computational stepsincluding mesh generation, precise mesh alignment, dynamic trajectory438

editing, and point cloud post-processingwhich we describe in detail below.439

B.1 Mesh Generation440

To ensure the precise geometric reconstruction of the manipulation scene, we capture an RGB image441

of the manipulation object and generate a 3D mesh using a 3D generative model [? ]. This gener-442

ated mesh is then utilized in the subsequent mesh alignment step, where it is integrated to form a443

complete 3D representation of the object. This step is essential for accurate trajectory editing and444

the generation of realistic augmented episodes.445

B.2 Mesh Alignment and Geometric Reconstruction446

A crucial part of our data augmentation pipeline is the alignment of known CAD meshes to the447

observed point cloud. Since point clouds captured from a single viewpoint typically only contain448

visible surfaces, this step helps in reconstructing complete 3D assets, which are then used in subse-449

quent stages.450

B.2.1 Coarse-to-Fine Mesh Alignment451

The mesh alignment is performed using a coarse-to-fine approach, where an initial alignment is452

followed by a refinement step to improve accuracy. The steps are as follows:453

• Coarse Alignment (OBB-based Initialization): We begin by aligning the mesh to the454

observed point cloud using an Oriented Bounding Box (OBB). The OBB is computed to455

estimate the initial transformation between the mesh and the point cloud.456

• Fine Alignment (Iterative Closest Point - ICP): After the coarse alignment, we apply457

a multi-resolution ICP algorithm to iteratively refine the alignment. ICP minimizes the458

distance between the points in the point cloud and the vertices of the mesh. This is achieved459

by solving for the transformation that best matches the observed points to the mesh at460

different resolutions.461

The mathematical formulation of the ICP step is as follows:462

min
T

N∑
i=1

∥pi −Tmi∥2

where pi is the point from the observed point cloud, mi is the corresponding mesh vertex, and T is463

the transformation matrix that minimizes the point-to-point distance.464

The visualization of the mesh alignment process is shown in Figure 6.465

B.2.2 Canonical Point Cloud Generation466

Once the mesh is aligned, the aligned mesh is resampled into a canonical point cloud that is spa-467

tially invariant. This canonical point cloud is used in subsequent steps and allows for geometrically468

coherent transformations during editing.469

B.3 Dynamic Trajectory Editing470

The core of our data augmentation pipeline lies in the Dynamic Trajectory Editing engine, which471

systematically decomposes a single static demonstration into four distinct physical phases: Static472

Object Acquisition (Φstatic), Dynamic Target Alignment (Φdyn), Contact Interaction Execution473

(Φinter), and Pose-Conditioned Transition (Φtrans). Rather than relying on simple linear interpola-474

tions, our engine dynamically synthesizes and warps trajectories by coupling geometric registration,475

physical priors, and real-time motion planning. This ensures that the generated trajectories are not476

only physically feasible but also exhibit robust spatial generalization.477
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Figure 6: Visualization of the mesh alignment process. (a) shows the ego view image of a manipula-
tion object, (b) shows the initial point cloud captured from the RGB-D sensor, (c) shows the coarse
alignment using OBB, and (d) shows the refined alignment after applying ICP. The aligned mesh is
then used for geometric reconstruction in the augmentation pipeline.

B.3.1 Static Object Acquisition (Φstatic)478

In tasks involving auxiliary tools (e.g., grasping a hammer or picking up a basket), the initial segment479

of the demonstration involves grasping or acquiring a static object. Because the object remains480

stationary during this phase, we parameterize this segment by annotating its start and end keyframes,481

denoted as tstaticstart and tstaticend , respectively.482

To generalize this acquisition behavior to arbitrary initial poses in the augmented environment, we483

apply a rigid transformation T static
k ∈ SE(3) to the recorded trajectory. The modified end-effector484

pose e′t and object trajectory p′
t at any time step t ∈ [tstaticstart , t

static
end ] are generated by replaying the485

source trajectory under this transformation:486

p′
t = T static

k pt, e′t = T static
k et (13)

This rigid formulation effortlessly ensures spatial generalization, allowing the policy to reliably487

acquire tools or objects under diverse spatial displacements without requiring additional manual488

demonstrations.489

B.3.2 Dynamic Target Alignment (Φdyn)490

Manipulating dynamic targets via manual teleoperation is notoriously difficult due to human cog-491

nitive limits, which frequently induce control latency and undesirable hand jitter. We elegantly492

circumvent the need for any dynamic demonstrations by formulating this phase as an autonomous,493

target-conditioned tracking problem.494

This phase is defined using only a single terminal keyframe from the static demonstration to extract495

the target relative transformation T ∗
rel between the end-effector and the object. Crucially, the target496

frame of the end-effector is not restricted to its physical center but can be customized with a task-497

specific offset Toffset (e.g., the tip of a hammer in a leverage task), which is extracted directly from498

the contact keyframe. Given the synthesized trajectory of the moving object T k
obj(t), the desired499

end-effector pose at any time step t is formulated as:500

ekgoal(t) = T k
obj(t)ToffsetT

∗
rel (14)

To track this dynamic target, a reactive motion planner dynamically generates smooth trajectories501

under a maximum velocity constraint vmax. To handle rapid variations in dynamics, the planner502

executes a high-frequency re-planning mechanism (e.g., every few steps) to continuously correct tra-503

jectory deviations. Furthermore, we map the planned trajectory to the robots reachable workspace,504

automatically cropping segments that violate physical kinematic limits. The tracking phase automat-505

ically terminates once the distance between the end-effector and the target falls below a predefined506

threshold:507

∥e(t)− ekgoal(t)∥ < ϵ (15)
This design ensures that the generated trajectories are completely devoid of human-induced noise,508

offering superior tracking performance and maximizing workspace utilization.509
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B.3.3 Contact Interaction Execution (Φinter)510

The contact phase captures the precise, high-frequency interaction behaviors between the robot and511

the object, such as striking a target or executing a dynamic tap. Since these local contact patterns512

are highly sensitive to physical constraints and difficult to plan from scratch, we preserve the exact513

interaction dynamics from the source demonstration.514

This phase is bounded by annotated start and end keyframes [tinterstart, t
inter
end ]. We model the local tra-515

jectory relative to a source anchor frame A, which represents the contact state in the demonstration.516

During augmentation, we warp this segment to a new target anchor Ak (determined by the terminal517

pose of the preceding Φdyn phase), translating and rotating the entire interaction sequence:518

e′t = AkA
−1et, ∀t ∈ [tinterstart, t

inter
end ] (16)

By shifting the anchor frame, our engine replays the high-fidelity contact behavior at arbitrary spatial519

coordinates, seamlessly matching the physical constraints of different task locations while maintain-520

ing the original interaction dynamics.521

B.3.4 Pose-Conditioned Transition (Φtrans)522

After completing an interaction, the robot must safely transition to a target spatial configuration,523

such as returning to a neutral home position or moving to an intermediate waypoint (e.g., returning524

to the center in a whack-a-mole task).525

Rather than replaying a rigid, collision-prone path, we leverage our motion planner to gener-526

ate collision-free trajectories to a transformed keyframe pose. This phase requires only a single527

keyframe annotation to identify the target pose ekey. To introduce spatial variation and prevent528

policy overfitting, we apply a stochastic pose offset T trans
k ∈ SE(3) to the target configuration:529

ekkey = T trans
k ekey (17)

The motion planner then computes a smooth trajectory from the robot’s current state to ekkey. The530

integration of the motion planner ensures that the robot can robustly transition across diverse config-531

urations while completely avoiding obstacles and joint limits.532

B.4 Task-Specific Phase Composition Logic533

Unlike monolithic trajectory generation paradigms that frequently suffer from compounding errors534

during long-horizon execution, the core strength of DynamicManip lies in its ability to decouple com-535

plex manipulation into a precise sequence of modular phase operators {Φstatic,Φdyn,Φinter,Φtrans}.536

By strategically recomposing these operators, our framework effortlessly instantiates diverse, long-537

horizon interaction patterns while maintaining strict physical plausibility. This section details the538

precise composition formulas and the underlying tracking logic used across both simulation and539

real-world benchmarks.540

B.4.1 Simulation Benchmark Tasks541

The interaction logic for simulation tasks is designed to robustly handle both infinite cyclic be-542

haviors and high-precision spatial interceptions, ensuring zero-shot generalization to varying target543

velocities.544

• Dynamic Tapping: To synthesize continuous striking motions without accumulating tem-545

poral drift, we employ a tightly coupled cyclic structure: Ξtap = Φstatic → (Φdyn →546

Φinter)
L → Φtrans. The policy first stably acquires the tool (Φstatic). Subsequently, the547

motion planner continuously guarantees real-time target alignment (Φdyn) before strictly548

executing the high-frequency striking template (Φinter). The final Φtrans ensures a safe549

return to the reset configuration.550

• Mole Whacking: Because the target’s reappearance location is highly unpredictable, this551

task requires a full spatial reset after every interaction to prevent out-of-distribution tracking552

angles: Ξmole = Φstatic → (Φdyn → Φinter → Φtrans)
L. By forcing a Φtrans step within553

the loop, the robot consistently restores an optimal central vantage point.554

15



• Object Catching: To maximize dynamic responsiveness, this task strips away non-555

essential interactions: Ξcatch = Φstatic → Φdyn. The robot strictly focuses on grasping556

the container and aggressively tracking the predicted parabolic trajectory of the incoming557

object.558

• Goal Blocking: The robot pre-positions the paddle and performs a rapid, reactive intercep-559

tion: Ξblock = Φstatic → Φdyn → Φinter.560

• Belt Picking: We decompose this sequential, long-horizon task to strictly separate trans-561

port from interaction, cleanly avoiding the compounding inaccuracies typical of continu-562

ous teleoperation: Ξbelt = Φtrans,1 → Φdyn → Φinter,1 → Φtrans,2 → Φinter,2. Crucially,563

Φtrans,1 enforces a geometrically optimal pre-grasp posture (e.g., orienting the end-effector564

vertically downward) to facilitate stable visual tracking. After reactive alignment (Φdyn)565

and grasping (Φinter,1), Φtrans,2 explicitly handles collision-free transport to the target bin,566

culminating in a precise release (Φinter,2).567

B.4.2 Real-World Benchmark Tasks568

In real-world deployment, the composition logic is strictly refined to enforce hardware safety, bound-569

ary reachability, and cycle-bounded execution.570

• Boat Loading (Reachability-Aware Tracking): Dynamic targets often exceed the robot’s571

strict kinematic limits. Traditional methods catastrophically fail when targets leave the572

workspace. To counter this, we introduce an augmented tracking phase (Φ∗
dyn) utilizing573

negative/boundary demonstrations: Ξboat = Φstatic → Φ∗
dyn → Φinter → Φtrans. Even574

when the boat temporarily moves out of the end-effector’s reachable zone (e.g., points A575

or B), Φ∗
dyn actively projects the target to the nearest feasible boundary points (e.g., A∗576

or B∗). This reachability-aware extrapolation ensures the policy aggressively pursues the577

target within safe kinematic bounds until a valid interaction state naturally emerges, after578

which it executes the placement (Φinter).579

• Real-World Dynamic Tapping: To prevent physical degradation of the hardware during580

real-world continuous testing, the cyclic striking is strictly bounded to a finite execution581

(L = 3): Ξtap-real = Φstatic → (Φdyn → Φinter)
3 → Φtrans.582

• Bottle Catching: We utilize a highly streamlined tracking-to-grasp sequence to eas-583

ily surpass human reaction limitations, ensuring minimal latency before the bottle falls:584

Ξbottle = Φdyn → Φinter.585

• Real-World Belt Picking: To rigidly guarantee hardware safety and system repeatability586

between consecutive real-world trials, a mandatory terminal reset is appended: Ξbelt-real =587

Φtrans,1 → Φdyn → Φinter,1 → Φtrans,2 → Φinter,2 → Φtrans,3. Here, Φtrans,3 effectively588

neutralizes any residual kinematic momentum, safely returning the arm to its strict zero-589

position.590

B.5 Point Cloud Post-Processing591

Once the trajectory is edited and the augmented episode is generated, we perform post-processing592

on the point cloud. The primary goal is to merge point clouds from various stages, ensuring that the593

final scene representation is cohesive and complete.594

B.5.1 Point Cloud Merging and Cleanup595

Point clouds from different stages (e.g., Grasp, Follow, Interact, Recover) are merged to form the596

final scene. We ensure that redundant points are removed, and the points are uniformly distributed597

in the final representation.598

We use a k-d tree for efficient nearest-neighbor search during the cleanup process. For each point in599

the scene, we check if it is too close to an object or part of the robotic arm and remove it if necessary.600

The cleaning is based on a threshold distance δ, which is set to 2 cm experientially.601
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B.5.2 Final Point Cloud Formatting602

After cleanup, the point cloud is formatted to comply with the HDF5 data structure, where each603

augmented episode is stored with its associated metadata (e.g., end-effector poses, joint actions,604

etc.). The final point cloud is stored as a 2048-point sample for each frame, ensuring consistency605

across the augmented dataset.606

Final Point Cloud = {p1,p2, . . . ,p2048}
where each point pi = [xi, yi, zi, ri, gi, bi] represents the 3D coordinates and color of a point in the607

scene.608

Once the point clouds have been processed, the final augmented episodes are saved in HDF5 format.609

This format allows for efficient storage and retrieval of large datasets, and each augmented episode610

contains all the relevant data for training robotic systems.611

• Episode Data: For each episode, we store the point cloud, end-effector pose, joint action,612

and episode boundaries.613

• Metadata: Additional metadata includes task-specific parameters and transformation ma-614

trices used during augmentation.615

C Benchmark Details616

Overview617

We construct a comprehensive benchmark for dynamic manipulation tasks, encompassing both sim-618

ulation and real-world environments. The simulation benchmark covers 5 dynamic tasks with 200619

expert demonstrations each, built on the RoboTwin 2.0 platform using the SAPIEN physics simu-620

lator. The real-world benchmark includes 4 dynamic tasks with 50 demonstrations each, collected621

using AgileX Piper robotic arms and an Intel RealSense L515 RGB-D camera.622

C.1 Simulation Benchmark623

Our simulation benchmark is built upon the RoboTwin 2.0 platform, using the SAPIEN physics624

simulator as backend.625

C.1.1 Environment Setup626

The simulation environment consists of serveral key components:627

3D Assets628

We use a diverse set of 3D assets for the manipulation objects, lerveraging both existing object629

datasets from RoboTwin and custom-designed assets. For the costmized assets, we created them630

using Hyper3D from a single RGB image, and then manually adjust the scale of generated meshes631

to ensure they are of appropriate size for the tasks. Then, we annotated each mesh with contact632

points and function points that are relevant for the specific manipulation tasks.633

Automatic data collection system. The RoboTwin 2.0 platform provides a built-in data collection634

system that allows us to record expert demonstrations in a structured format. For each manipulation635

task, we disign a environment script that sets up the scene with the relevant objects and initializes the636

robot in a predefined starting configuration and discribes the task-specific interaction logic. During637

trajectory planning, the system plan the expert demonstration trajectories using CUROBO, which638

generates smooth and feasible trajectories that achieve the task objectives. During grasping, the639

system iteratively trys the annotated contact points and select the one that results in a successful640

grasp.641

In data collection, we record multi-modal observations including RGB-D images from the head-642

mounted camera with 2048 points sampled from the point cloud, proprioceptive states including643

joint positions, end-effector poses, and gripper states, and language instructions describing the task644

from the task-specific templates. All data is recorded at 30 Hz control and observation frequency645

and saved in HDF5 format for efficient storage and retrieval.646
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Table 7: Sim data confidence intervals

Setting Dynamic
Tapping

Belt
Picking

Object
Catching

Mole
Whacking

Goal
Blocking

1 demo [19%, 36%] [0%, 4%] [4%, 15%] [1%, 8%] [7%, 20%]
10 demos [9%, 23%] [2%, 11%] [44%, 63%] [14%, 30%] [37%, 56%]
50 demos [13%, 28%] [23%, 41%] [28%, 47%] [53%, 72%] [88%, 97%]
200 demos [45%, 64%] [77%, 91%] [40%, 60%] [74%, 89%] [79%, 92%]

1 + aug (50) [36%, 55%] [35%, 54%] [60%, 78%] [53%, 72%] [80%, 93%]
(200) [42%, 62%] [73%, 88%] [58%, 76%] [71%, 87%] [79%, 92%]

C.1.2 Task descriptions.647

Dynamic Tapping. The robot needs to continuously track a moving object and execute a timely648

tapping motion to contact the target while it is in motion.649

Belt Picking. The robot needs to track an object moving on a conveyor belt, grasp it within the650

reachable workspace, and place it into a basket.651

Object Catching. The robot needs to grasp a blanket and estimate the trajectory of a thrown object652

and move a basket to the predicted landing position to catch it.653

Mole Whacking. The robot needs to interact with a 3×3 whack-a-mole setup, where a mole appears654

from one hole and moves randomly toward another while leaving a visible motion trace. The robot655

must anticipate the mole’s future position and strike it at the appropriate time.656

Goal Blocking. The robot needs to block an incoming ball from entering the goal by moving a657

handheld stick or paddle to intercept the ball’s trajectory.658

C.1.3 Evaluating Evaluation Metrics.659

We develop task-specific automatic evaluation criteria for each scenario to ensure objective and re-660

producible performance measurement. For Dynamic Tapping, success is determined by detecting661

physical contact between the robot and the moving target. For Belt Picking, we evaluate whether the662

object is successfully transported and placed within a predefined target region. For Object Catching,663

we measure whether the object is correctly captured inside the basket based on spatial inclusion. For664

Mole Whacking, success is defined by whether the robot strikes the correct target location corre-665

sponding to the mole’s appearance or predicted trajectory. For Goal Blocking, we verify whether666

the ball is successfully intercepted before entering the goal region.667

All evaluations are conducted within the RoboTwin simulation environment, allowing efficient, scal-668

able, and fully automated benchmarking. In addition, we record the robot’s motion trajectories669

during task execution for further analysis of motion smoothness and dynamic tracking performance.670

C.1.4 Confidence Intervals for Simulation Evaluation671

We report 95% confidence intervals to quantify the uncertainty of success-rate estimates from finite672

simulation evaluations. For each setting, we evaluate the policy over n = 100 trials and compute673

the empirical success rate p̂ = x/n, where x is the number of successful trials. We use the Wilson674

score interval:675

CI95% =
p̂+ z2

2n ± z
√

p̂(1−p̂)
n + z2

4n2

1 + z2

n

, z = 1.96.

676

As shown in Table 8, increasing the number of training episodes generally improves task success,677

though the effect varies across tasks. The augmented-data settings show that augmentation from a678

single expert demonstration can provide useful additional training data.679
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Table 8: Real-world data confidence intervals

Setting Dynamic
Tapping

Belt
Picking

Boat
Loading

Bottle
Catching

1 demo [2%, 21%] [17%, 48%] [0%, 11%] [0%, 11%]
50 demos [51%, 83%] [52%, 84%] [1%, 17%] [56%, 86%]

1 + aug (50) [43%, 76%] [39%, 73%] [12%, 41%] [59%, 88%]
(200) [72%, 95%] [55%, 86%] [49%, 81%] [66%, 93%]

C.2 Real-world Benchmark680

Our real-world benchmark is designed to validate the effectiveness of the proposed data augmenta-681

tion strategy in practical robotic scenarios. To this end, we construct a set of dynamic manipulation682

tasks and evaluate policies trained with our augmented data against strong baselines. Compared683

to simulation, real-world dynamic tasks introduce system latency and sensing noise, making pre-684

cise timing and tracking more challenging. This places stricter requirements on the robustness and685

responsiveness of the learned policy, providing a more convincing evaluation of our approach.686

C.2.1 Environment Setup687

The real-world platform consists of two Piper robotic arms equipped with parallel grippers. Data688

collection is performed using a master–slave teleoperation setup with two GELLO devices. All689

demonstrations are recorded in the same format as in simulation to ensure consistency between690

training and deployment. The dataset is stored in HDF5 format and collected at 20 Hz.691

For each timestep, we record the robot joint positions and velocities, end-effector poses, and gripper692

states. In addition, we capture synchronized RGB-D observations, which are further processed into693

point clouds with 2048 sampled points. Camera intrinsic and extrinsic parameters are also stored to694

support geometric reasoning.695

C.2.2 Task Descriptions696

We evaluate four representative dynamic manipulation tasks in the real-world setting:697

Dynamic Tapping. The robot tracks a moving object and executes a precisely timed tapping motion698

to make contact.699

Belt Picking. The robot tracks an object moving on a conveyor belt, grasps it at the appropriate700

moment, and places it into a basket.701

Boat Loading. The robot grasps an object and places it onto a motorized boat moving on a water702

surface, requiring coordination with the boat’s motion.703

Bottle Catching. The robot intercepts and grasps a rolling bottle before it falls off the edge of the704

table.705

C.2.3 Evaluation Metrics706

For each task, we perform 30 trials and report the average success rate. Task-specific automatic707

evaluation criteria are defined as follows: for Dynamic Tapping, success is determined by whether708

the robot successfully contacts the moving target; for Belt Picking, whether the object is grasped709

and placed into the basket; for Boat Loading, whether the object is successfully placed onto the710

moving boat; and for Bottle Catching, whether the bottle is successfully intercepted and grasped711

before falling.712

These metrics enable consistent and objective evaluation across all tasks.713
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C.2.4 Confidence Intervals for Real-world Evaluation714

As shown in Table 8, we report 95% confidence intervals to quantify the uncertainty of success-rate715

estimates from finite real-world evaluations. For each setting, we evaluate the policy over n = 30716

trials and compute the empirical success rate p̂ = x/n, where x is the number of successful trials.717

D Limitations718

Despite the promising results demonstrated by DynamicManip, our framework has several limita-719

tions that point to directions for future work.720

Deformable objects. Our data augmentation pipeline relies on mesh-enhanced geometric recon-721

struction that assumes rigid objects with stable geometries. For deformable or articulation-enabled722

objects such as cloth, ropes, or spring-loaded mechanisms, the ICP-based alignment and rigid trans-723

formation assumptions break down. Editing the trajectory of a deformable object would require724

modeling its evolving shape and physical parameters, which remains an open challenge.725

Rigid grasp assumption. The current pipeline attaches the grasped object to the end-effector via726

a fixed relative transform Tattach after contact. This assumption holds for tasks where the object727

does not slip or reorient relative to the gripper, but fails in scenarios requiring in-hand manipulation,728

rolling, or sliding contacts. Extending our method to handle non-rigid attachments or dynamic grasp729

maintenance would be a valuable extension.730

Lack of dexterous tasks. Our benchmark tasks primarily involve parallel-jaw grippers and gross731

manipulation primitives such as tapping, catching, and blocking. We have not explored dexterous,732

multi-fingered tasks that require fine finger coordination or adaptive grasping strategies. Applying733

DynamicManip to dexterous manipulation would likely require augmenting the action space and734

rethinking the trajectory editing pipeline for multi-contact interactions.735
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NeurIPS Paper Checklist736

The checklist is designed to encourage best practices for responsible machine learning research, ad-737

dressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove738

the checklist: The papers not including the checklist will be desk rejected. The checklist should739

follow the references and follow the (optional) supplemental material. The checklist does NOT740

count towards the page limit.741

Please read the checklist guidelines carefully for information on how to answer these questions. For742

each question in the checklist:743

• You should answer [Yes], [No], or [N/A].744

• [N/A] means either that the question is Not Applicable for that particular paper or the745

relevant information is Not Available.746

• Please provide a short (1–2 sentence) justification right after your answer (even for [N/A]).747

The checklist answers are an integral part of your paper submission. They are visible to the748

reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it749

(after eventual revisions) with the final version of your paper, and its final version will be published750

with the paper.751

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.752

While [Yes] is generally preferable to [No], it is perfectly acceptable to answer [No] provided a753

proper justification is given (e.g., error bars are not reported because it would be too computationally754

expensive” or “we were unable to find the license for the dataset we used”). In general, answering755

[No] or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we756

acknowledge that the true answer is often more nuanced, so please just use your best judgment and757

write a justification to elaborate. All supporting evidence can appear either in the main paper or the758

supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification759

please point to the section(s) where related material for the question can be found.760

IMPORTANT, please:761

• Delete this instruction block, but keep the section heading “NeurIPS Paper Check-762

list",763

• Keep the checklist subsection headings, questions/answers and guidelines below.764

• Do not modify the questions and only use the provided macros for your answers.765

1. Claims766

Question: Do the main claims made in the abstract and introduction accurately reflect the767

paper’s contributions and scope?768

Answer: [Yes]769

Justification: The abstract and introduction clearly state the paper’s contributions and scope,770

which are consistent with the theoretical and experimental results presented throughout the771

paper.772

Guidelines:773

• The answer [N/A] means that the abstract and introduction do not include the claims774

made in the paper.775

• The abstract and/or introduction should clearly state the claims made, including the776

contributions made in the paper and important assumptions and limitations. A [No] or777

[N/A] answer to this question will not be perceived well by the reviewers.778

• The claims made should match theoretical and experimental results, and reflect how779

much the results can be expected to generalize to other settings.780

• It is fine to include aspirational goals as motivation as long as it is clear that these781

goals are not attained by the paper.782

2. Limitations783

Question: Does the paper discuss the limitations of the work performed by the authors?784
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Answer: [Yes]785

Justification: The paper discusses limitations in a dedicated section in the appendix.786

Guidelines:787

• The answer [N/A] means that the paper has no limitation while the answer [No] means788

that the paper has limitations, but those are not discussed in the paper.789

• The authors are encouraged to create a separate “Limitations” section in their paper.790

• The paper should point out any strong assumptions and how robust the results are to791

violations of these assumptions (e.g., independence assumptions, noiseless settings,792

model well-specification, asymptotic approximations only holding locally). The au-793

thors should reflect on how these assumptions might be violated in practice and what794

the implications would be.795

• The authors should reflect on the scope of the claims made, e.g., if the approach was796

only tested on a few datasets or with a few runs. In general, empirical results often797

depend on implicit assumptions, which should be articulated.798

• The authors should reflect on the factors that influence the performance of the ap-799

proach. For example, a facial recognition algorithm may perform poorly when image800

resolution is low or images are taken in low lighting. Or a speech-to-text system might801

not be used reliably to provide closed captions for online lectures because it fails to802

handle technical jargon.803

• The authors should discuss the computational efficiency of the proposed algorithms804

and how they scale with dataset size.805

• If applicable, the authors should discuss possible limitations of their approach to ad-806

dress problems of privacy and fairness.807

• While the authors might fear that complete honesty about limitations might be used by808

reviewers as grounds for rejection, a worse outcome might be that reviewers discover809

limitations that aren’t acknowledged in the paper. The authors should use their best810

judgment and recognize that individual actions in favor of transparency play an impor-811

tant role in developing norms that preserve the integrity of the community. Reviewers812

will be specifically instructed to not penalize honesty concerning limitations.813

3. Theory assumptions and proofs814

Question: For each theoretical result, does the paper provide the full set of assumptions and815

a complete (and correct) proof?816

Answer: [N/A]817

Justification: The paper does not include theoretical results; it proposes a method and vali-818

dates its effectiveness through experiments.819

Guidelines:820

• The answer [N/A] means that the paper does not include theoretical results.821

• All the theorems, formulas, and proofs in the paper should be numbered and cross-822

referenced.823

• All assumptions should be clearly stated or referenced in the statement of any theo-824

rems.825

• The proofs can either appear in the main paper or the supplemental material, but if826

they appear in the supplemental material, the authors are encouraged to provide a827

short proof sketch to provide intuition.828

• Inversely, any informal proof provided in the core of the paper should be comple-829

mented by formal proofs provided in appendix or supplemental material.830

• Theorems and Lemmas that the proof relies upon should be properly referenced.831

4. Experimental result reproducibility832

Question: Does the paper fully disclose all the information needed to reproduce the main833

experimental results of the paper to the extent that it affects the main claims and/or conclu-834

sions of the paper (regardless of whether the code and data are provided or not)?835

Answer: [Yes]836
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Justification: The paper provides sufficient details including training configurations, hyper-837

parameters, data augmentation methods, and evaluation protocols needed to reproduce the838

main experimental results.839

Guidelines:840

• The answer [N/A] means that the paper does not include experiments.841

• If the paper includes experiments, a [No] answer to this question will not be per-842

ceived well by the reviewers: Making the paper reproducible is important, regardless843

of whether the code and data are provided or not.844

• If the contribution is a dataset and/or model, the authors should describe the steps845

taken to make their results reproducible or verifiable.846

• Depending on the contribution, reproducibility can be accomplished in various ways.847

For example, if the contribution is a novel architecture, describing the architecture848

fully might suffice, or if the contribution is a specific model and empirical evaluation,849

it may be necessary to either make it possible for others to replicate the model with850

the same dataset, or provide access to the model. In general. releasing code and data851

is often one good way to accomplish this, but reproducibility can also be provided via852

detailed instructions for how to replicate the results, access to a hosted model (e.g., in853

the case of a large language model), releasing of a model checkpoint, or other means854

that are appropriate to the research performed.855

• While NeurIPS does not require releasing code, the conference does require all sub-856

missions to provide some reasonable avenue for reproducibility, which may depend857

on the nature of the contribution. For example858

(a) If the contribution is primarily a new algorithm, the paper should make it clear859

how to reproduce that algorithm.860

(b) If the contribution is primarily a new model architecture, the paper should describe861

the architecture clearly and fully.862

(c) If the contribution is a new model (e.g., a large language model), then there should863

either be a way to access this model for reproducing the results or a way to re-864

produce the model (e.g., with an open-source dataset or instructions for how to865

construct the dataset).866

(d) We recognize that reproducibility may be tricky in some cases, in which case au-867

thors are welcome to describe the particular way they provide for reproducibility.868

In the case of closed-source models, it may be that access to the model is limited in869

some way (e.g., to registered users), but it should be possible for other researchers870

to have some path to reproducing or verifying the results.871

5. Open access to data and code872

Question: Does the paper provide open access to the data and code, with sufficient instruc-873

tions to faithfully reproduce the main experimental results, as described in supplemental874

material?875

Answer: [No]876

Justification: The code and data are not yet publicly available, as they require further orga-877

nization before release. And we will release the data and code after publication.878

Guidelines:879

• The answer [N/A] means that paper does not include experiments requiring code.880

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/881

public/guides/CodeSubmissionPolicy) for more details.882

• While we encourage the release of code and data, we understand that this might not883

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not884

including code, unless this is central to the contribution (e.g., for a new open-source885

benchmark).886

• The instructions should contain the exact command and environment needed to run to887

reproduce the results. See the NeurIPS code and data submission guidelines (https:888

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.889

• The authors should provide instructions on data access and preparation, including how890

to access the raw data, preprocessed data, intermediate data, and generated data, etc.891
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• The authors should provide scripts to reproduce all experimental results for the new892

proposed method and baselines. If only a subset of experiments are reproducible, they893

should state which ones are omitted from the script and why.894

• At submission time, to preserve anonymity, the authors should release anonymized895

versions (if applicable).896

• Providing as much information as possible in supplemental material (appended to the897

paper) is recommended, but including URLs to data and code is permitted.898

6. Experimental setting/details899

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-900

rameters, how they were chosen, type of optimizer) necessary to understand the results?901

Answer: [Yes]902

Justification: All training and test details, including data splits, hyperparameters, and opti-903

mizer settings, are provided in the main text and the implementation details section in the904

appendix.905

Guidelines:906

• The answer [N/A] means that the paper does not include experiments.907

• The experimental setting should be presented in the core of the paper to a level of908

detail that is necessary to appreciate the results and make sense of them.909

• The full details can be provided either with the code, in appendix, or as supplemental910

material.911

7. Experiment statistical significance912

Question: Does the paper report error bars suitably and correctly defined or other appropri-913

ate information about the statistical significance of the experiments?914

Answer: [Yes]915

Justification: Each experiment is run for 50 trials, and 95% confidence intervals are com-916

puted and reported as error bars for the main claims.917

Guidelines:918

• The answer [N/A] means that the paper does not include experiments.919

• The authors should answer [Yes] if the results are accompanied by error bars, confi-920

dence intervals, or statistical significance tests, at least for the experiments that support921

the main claims of the paper.922

• The factors of variability that the error bars are capturing should be clearly stated (for923

example, train/test split, initialization, random drawing of some parameter, or overall924

run with given experimental conditions).925

• The method for calculating the error bars should be explained (closed form formula,926

call to a library function, bootstrap, etc.)927

• The assumptions made should be given (e.g., Normally distributed errors).928

• It should be clear whether the error bar is the standard deviation or the standard error929

of the mean.930

• It is OK to report 1-sigma error bars, but one should state it. The authors should prefer-931

ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of932

Normality of errors is not verified.933

• For asymmetric distributions, the authors should be careful not to show in tables or fig-934

ures symmetric error bars that would yield results that are out of range (e.g., negative935

error rates).936

• If error bars are reported in tables or plots, the authors should explain in the text how937

they were calculated and reference the corresponding figures or tables in the text.938

8. Experiments compute resources939

Question: For each experiment, does the paper provide sufficient information on the com-940

puter resources (type of compute workers, memory, time of execution) needed to reproduce941

the experiments?942

Answer: [Yes]943
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Justification: The paper specifies the GPU types, memory requirements, and execution time944

for training and evaluation, sufficient to reproduce the experiments.945

Guidelines:946

• The answer [N/A] means that the paper does not include experiments.947

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,948

or cloud provider, including relevant memory and storage.949

• The paper should provide the amount of compute required for each of the individual950

experimental runs as well as estimate the total compute.951

• The paper should disclose whether the full research project required more compute952

than the experiments reported in the paper (e.g., preliminary or failed experiments953

that didn’t make it into the paper).954

9. Code of ethics955

Question: Does the research conducted in the paper conform, in every respect, with the956

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?957

Answer: [Yes]958

Justification: The research conforms to the NeurIPS Code of Ethics. The work involves959

robotic manipulation in controlled environments with no human subject or data privacy960

concerns.961

Guidelines:962

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of963

Ethics.964

• If the authors answer [No], they should explain the special circumstances that require965

a deviation from the Code of Ethics.966

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-967

eration due to laws or regulations in their jurisdiction).968

10. Broader impacts969

Question: Does the paper discuss both potential positive societal impacts and negative970

societal impacts of the work performed?971

Answer: [Yes]972

Justification: The paper discusses the positive societal impact of enabling robots to assist973

humans in everyday environments through dynamic manipulation in both the introduction974

and conclusion.975

Guidelines:976

• The answer [N/A] means that there is no societal impact of the work performed.977

• If the authors answer [N/A] or [No], they should explain why their work has no soci-978

etal impact or why the paper does not address societal impact.979

• Examples of negative societal impacts include potential malicious or unintended uses980

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations981

(e.g., deployment of technologies that could make decisions that unfairly impact spe-982

cific groups), privacy considerations, and security considerations.983

• The conference expects that many papers will be foundational research and not tied984

to particular applications, let alone deployments. However, if there is a direct path to985

any negative applications, the authors should point it out. For example, it is legitimate986

to point out that an improvement in the quality of generative models could be used to987

generate Deepfakes for disinformation. On the other hand, it is not needed to point out988

that a generic algorithm for optimizing neural networks could enable people to train989

models that generate Deepfakes faster.990

• The authors should consider possible harms that could arise when the technology is991

being used as intended and functioning correctly, harms that could arise when the992

technology is being used as intended but gives incorrect results, and harms following993

from (intentional or unintentional) misuse of the technology.994
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• If there are negative societal impacts, the authors could also discuss possible mitiga-995

tion strategies (e.g., gated release of models, providing defenses in addition to attacks,996

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from997

feedback over time, improving the efficiency and accessibility of ML).998

11. Safeguards999

Question: Does the paper describe safeguards that have been put in place for responsible1000

release of data or models that have a high risk for misuse (e.g., pre-trained language models,1001

image generators, or scraped datasets)?1002

Answer: [N/A]1003

Justification: The paper does not pose such risks; all data is self-collected through robotic1004

simulation and real-world experiments, and the models are domain-specific manipulation1005

policies.1006

Guidelines:1007

• The answer [N/A] means that the paper poses no such risks.1008

• Released models that have a high risk for misuse or dual-use should be released with1009

necessary safeguards to allow for controlled use of the model, for example by re-1010

quiring that users adhere to usage guidelines or restrictions to access the model or1011

implementing safety filters.1012

• Datasets that have been scraped from the Internet could pose safety risks. The authors1013

should describe how they avoided releasing unsafe images.1014

• We recognize that providing effective safeguards is challenging, and many papers do1015

not require this, but we encourage authors to take this into account and make a best1016

faith effort.1017

12. Licenses for existing assets1018

Question: Are the creators or original owners of assets (e.g., code, data, models), used in1019

the paper, properly credited and are the license and terms of use explicitly mentioned and1020

properly respected?1021

Answer: [Yes]1022

Justification: All existing assets including DP3 and RoboTwin 2.0 are properly cited with1023

their original papers and used in accordance with their licenses.1024

Guidelines:1025

• The answer [N/A] means that the paper does not use existing assets.1026

• The authors should cite the original paper that produced the code package or dataset.1027

• The authors should state which version of the asset is used and, if possible, include a1028

URL.1029

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.1030

• For scraped data from a particular source (e.g., website), the copyright and terms of1031

service of that source should be provided.1032

• If assets are released, the license, copyright information, and terms of use in the pack-1033

age should be provided. For popular datasets, paperswithcode.com/datasets has1034

curated licenses for some datasets. Their licensing guide can help determine the li-1035

cense of a dataset.1036

• For existing datasets that are re-packaged, both the original license and the license of1037

the derived asset (if it has changed) should be provided.1038

• If this information is not available online, the authors are encouraged to reach out to1039

the asset’s creators.1040

13. New assets1041

Question: Are new assets introduced in the paper well documented and is the documenta-1042

tion provided alongside the assets?1043

Answer: [No]1044

Justification: The DynamicManip benchmark is introduced in the paper but not yet released1045

alongside it. The code and data require further organization and will be open-sourced in a1046

future release.1047
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Guidelines:1048

• The answer [N/A] means that the paper does not release new assets.1049

• Researchers should communicate the details of the dataset/code/model as part of their1050

submissions via structured templates. This includes details about training, license,1051

limitations, etc.1052

• The paper should discuss whether and how consent was obtained from people whose1053

asset is used.1054

• At submission time, remember to anonymize your assets (if applicable). You can1055

either create an anonymized URL or include an anonymized zip file.1056

14. Crowdsourcing and research with human subjects1057

Question: For crowdsourcing experiments and research with human subjects, does the pa-1058

per include the full text of instructions given to participants and screenshots, if applicable,1059

as well as details about compensation (if any)?1060

Answer: [N/A]1061

Justification: The paper does not involve crowdsourcing nor research with human subjects.1062

Guidelines:1063

• The answer [N/A] means that the paper does not involve crowdsourcing nor research1064

with human subjects.1065

• Including this information in the supplemental material is fine, but if the main contri-1066

bution of the paper involves human subjects, then as much detail as possible should1067

be included in the main paper.1068

• According to the NeurIPS Code of Ethics, workers involved in data collection, cura-1069

tion, or other labor should be paid at least the minimum wage in the country of the1070

data collector.1071

15. Institutional review board (IRB) approvals or equivalent for research with human1072

subjects1073

Question: Does the paper describe potential risks incurred by study participants, whether1074

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1075

approvals (or an equivalent approval/review based on the requirements of your country or1076

institution) were obtained?1077

Answer: [N/A]1078

Justification: The paper does not involve crowdsourcing nor research with human subjects.1079

Guidelines:1080

• The answer [N/A] means that the paper does not involve crowdsourcing nor research1081

with human subjects.1082

• Depending on the country in which research is conducted, IRB approval (or equiva-1083

lent) may be required for any human subjects research. If you obtained IRB approval,1084

you should clearly state this in the paper.1085

• We recognize that the procedures for this may vary significantly between institutions1086

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the1087

guidelines for their institution.1088

• For initial submissions, do not include any information that would break anonymity1089

(if applicable), such as the institution conducting the review.1090

16. Declaration of LLM usage1091

Question: Does the paper describe the usage of LLMs if it is an important, original, or1092

non-standard component of the core methods in this research? Note that if the LLM is used1093

only for writing, editing, or formatting purposes and does not impact the core methodology,1094

scientific rigor, or originality of the research, declaration is not required.1095

Answer: [N/A]1096

Justification: LLMs were used only for writing assistance, editing, and formatting, and do1097

not impact the core methodology, scientific rigor, or originality of the research.1098

Guidelines:1099
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• The answer [N/A] means that the core method development in this research does not1100

involve LLMs as any important, original, or non-standard components.1101

• Please refer to our LLM policy in the NeurIPS handbook for what should or should1102

not be described.1103

28


	Introduction
	Related Work
	Robot Manipulation
	Dynamic Tasks
	Data Collection and Augmentation

	Method
	Overview
	Efficient Data Augmentation
	Dynamic-aware Imitation Learning Policy

	DynamicManip Benchmark
	Experiments
	Experiment Settings
	Can Augmented Data Match or Exceed Human Demonstrations (Q1)
	Real-Time Performance of the Dynamic-Aware Policy (Q2)
	Contribution of Mesh Reconstruction and Robot Rendering (Q3)

	Conclusion
	Network Architecture & Training Details
	Network Architecture
	Input modalities.
	Loss Function

	Training Configuration
	Inference
	Inference Sampling.
	TaylorSeer Acceleration
	Execution Step Configuration


	Efficient Data Augmentation Pipeline
	Mesh Generation
	Mesh Alignment and Geometric Reconstruction
	Coarse-to-Fine Mesh Alignment
	Canonical Point Cloud Generation

	Dynamic Trajectory Editing
	Static Object Acquisition (static)
	Dynamic Target Alignment (dyn)
	Contact Interaction Execution (inter)
	Pose-Conditioned Transition (trans)

	Task-Specific Phase Composition Logic
	Simulation Benchmark Tasks
	Real-World Benchmark Tasks

	Point Cloud Post-Processing
	Point Cloud Merging and Cleanup
	Final Point Cloud Formatting


	Benchmark Details
	Simulation Benchmark
	Environment Setup
	Task descriptions.
	Evaluating Evaluation Metrics.
	Confidence Intervals for Simulation Evaluation

	Real-world Benchmark
	Environment Setup
	Task Descriptions
	Evaluation Metrics
	Confidence Intervals for Real-world Evaluation


	Limitations

