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Supplementary Material

1. Single-Image Scene Reconstruction Details
In this section, we describe how IGen reconstructs the 3D
scene from a single open-world RGB image to facilitate
robot data generation, as illustrated in Fig. 1.

We use Metric3Dv2 [3] to estimate the depth and con-
vert image pixels into a point cloud. For open-world im-
ages, the focal length is fixed to 1000, while for specific
camera types (e.g., iPhone or Microsoft Kinect Camera),
we adopt their corresponding intrinsic parameters. The re-
sulting point cloud preserves the same spatial resolution and
dimensions as the original RGB image.

For object-level reconstruction, we utilize the TRELLIS
model [6] to perform monocular 3D reconstruction and con-
vert the outputs into colored point clouds. The input images
to TRELLIS are pre-processed using segmentation masks
obtained from SAM [4], ensuring that the reconstruction fo-
cuses on the target objects.
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Figure 1. Single-Image Scene Reconstruction Pipeline.

2. Simulation Environment Details
This section describes the details of building the robotic
manipulation platform in simulation. We adopt Isaac Sim
as the simulation environment and deploy both the Franka
Emika Panda and Franka Research 3 robotic arms within it.
For motion planning, we utilize Curobo as the solver, which
computes feasible trajectories given the target end-effector
poses. We use the default illumination settings in the simu-
lation environment.

As shown in Fig. 2, we place a virtual depth camera at
the origin [0, 0, 0] of the simulation scene, oriented relative
to the robot’s base frame. The camera’s focal length is set
to match that used in the depth estimation module. The
robotic arm is positioned at a predefined spatial coordinate
[xr, yr, zr] within the reconstructed point cloud space. Dur-
ing robot motion, the camera operates at a sampling rate

of 30 fps, capturing synchronized RGB and depth frames
for subsequent reconstruction of the robot’s dynamic point
cloud sequences.
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Figure 2. Robot and Camera Placement in Simulation. In sim-
ulation platforms such as IsaacSim, the virtual camera is placed at
the position (0, 0, 0), while the robotic arm base is positioned at
the corresponding point in the point cloud, denoted as (xr, yr, zr).
RGB and depth data are collected during the robotic arm’s motion.

3. Manipulation Synthesis Details
We divide the point cloud sequence into three components:
the background point cloud, the robot point cloud, and the
object point cloud. Among them, the robot and object point
clouds are dynamic, while the background point cloud re-
mains static. We use GraspGen [5] for grasp pose estima-
tion.

The grasp width is inferred from the inter-point distance
along the principal axis of the reconstructed object point
cloud. At the grasping moment tg , the end-effector pose is
denoted as Ttg and the object pose as Tobj,tg . During the
subsequent manipulation at time t, given the current end-
effector pose Tt, the object pose in the scene can be com-
puted through rigid-body transformation as:

Tobj,t = Tt T
−1
tg Tobj,tg . (1)

T𝑜𝑏𝑗,𝑡𝑔

T𝑡𝑔

T𝑜𝑏𝑗,𝑡 = T𝑡(T𝑡𝑔)
−1T𝑜𝑏𝑗,𝑡𝑔

T𝑡
ΔT

Gripper Width

Figure 3. Point Cloud Synthesis during Manipulation. At time
tg , the object is grasped. The gripper width is calculated based on
the point cloud, and the transformation of the object point cloud at
time t is computed according to the end-effector’s pose.



4. Real-World Experiment Details

Hardware Setup. As shown in Fig. 5, we set up a real-
world evaluation environment using the Franka Research 3
robotic arm. A Microsoft Kinect camera is placed in front
of the robot to provide RGB visual input. The robotic arm
performs task operations on the tabletop.

Figure 5. Hardware Setup. Our experimental setup consists of a
Franka Research 3 robotic arm, a tabletop workspace, and a global
RGB camera.

Spatial Randomization. For real-world data collection, we
sample random object positions within a 40 cm × 30 cm
tabletop grid. In IGen, spatial randomization is performed
based on the point cloud of the placement area (e.g., the
tabletop surface). We define a 200 × 150 pixel grid as the
sampling region for randomization, ensuring that the spa-
tial distribution closely matches that of the real-world setup.
Regarding the spatial randomization of real-world data and
IGen-generated data, see Fig. 4, 6, and 7.
Task Evaluation. We design diverse manipulation tasks
involving complex interactions between objects and the
surrounding scene. For each task, we conduct 12 inde-
pendent trials. Object initial positions are sampled on a
30 cm × 25 cm tabletop grid, with a spacing of 7 cm be-
tween adjacent positions. All models are evaluated using
the same set of initial object positions.
Policy Learning. This section describes the fine-tuning pro-
cess of policy. We fine-tune π0-base [1] for 30k training
steps using LoRA [2] with a batch size of 8. The model
takes as input a single 224 × 224 RGB image and the ab-
solute joint positions as the state, and predicts a 10-step rel-
ative joint angle action chunk. Training is conducted on
a single NVIDIA A40 GPU, requiring approximately 10.8
hours per training. The performance of the model in real-
world deployment is shown in Fig. 8 and 9.
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Figure 4. Spatial randomization of real-world data and IGen-generated data. The task is Grab the watering can and water the flowers.
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Figure 6. Spatial randomization of real-world data and IGen-generated data. The task is Pick up the bottle and place it into the basket.
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Figure 7. Spatial randomization of real-world data and IGen-generated data. The task is Use the hammer to hit the cardboard box.



Figure 8. Real-World Deployment of Policy trained with IGen-Generated Data. The task instructions are as follows: Grab the watering
can and water the flowers. Pick up the bottle and place it into the basket. Use the hammer to hit the cardboard box.



Figure 9. Real-World Deployment of Policy trained with IGen-Generated Data. The task instructions are as follows: Grasp the toy
and put it into the bin. Use the watering can on the cabinet to water the flowers. Pour water from the plastic bottle into the container.



5. Ablation Study
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Figure 10. Ablation study on different components of the pipeline.

6. Details for Keypoints Generation

Ke y po in t_ 0 [ - 0 . 5 26 , - 0 . 3 68 , 0 . 0 43 ]

Ke yp oint _1 [ -0 . 56 6 , -0 . 33 6 , - 0 . 00 6]
Ke y po in t_ 2 [ - 0 . 5 81 , - 0 . 3 38 , 0 . 0 04 ]

Ke y po in t_ 3 [ - 0 . 5 53 , - 0 . 3 19 , 0 . 0 65 ]

Ke y po in t_ 4 [ - 0 . 5 50 , - 0 . 3 17 , 0 . 0 72 ]
Ke y po in t_ 5 [ - 0 . 5 86 , - 0 . 3 37 , 0 . 0 34 ]

Ke y po in t_ 6 [ - 0 . 7 92 , - 0 . 4 54 , 0 . 1 27 ]
Ke y po in t_ 7 [ - 0 . 6 70 , - 0 . 3 77 , 0 . 1 16 ]

Ke y po in t_ 8 [ - 0 . 5 92 , - 0 . 3 08 , 0 . 0 38 ]

Ke yp oint _9 [ -0 . 60 6 , -0 . 29 7 , - 0 . 00 5]
Keypo in t_ 10 [-0 .593 , -0 .094 , -0 .161]

Keypo in t_ 11 [-0 .616 , -0 .034 , -0 .188]
Key po int_12 [ -0 . 55 7, 0 . 05 2, -0 . 27 8]

Key po int_13 [ -0 . 59 0, 0 . 05 9, -0 . 34 3]

Key po int_14 [ -0 . 49 5, 0 . 05 7, -0 . 18 3]
Key po int_15 [ -0 . 53 1, 0 . 06 9, -0 . 24 8]

Key po int_16 [ -0 . 59 4, 0 . 10 6, -0 . 12 2]
Key po int_17 [ -0 . 58 6, 0 . 12 7, -0 . 32 2]

Key po int_18 [ -0 . 57 9, 0 . 19 1, -0 . 26 1]

Key po int_19 [ -0 . 58 7, 0 . 21 7, -0 . 21 3]
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Figure 11. Image with annotated keypoints, keypoint coordinates, and task description as input for VLM.
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