
MoTo Supplementary

A Implementation Details

A.1 Simulator Experiment

The OVMM benchmark consists of 60 extensive indoor scenes and contains more than 18k 3D mod-
els of everyday objects.OVMM utilizes Hello Robot as an agent to perform the “Move a target object
from container A to container B” mobile manipulation task. We utilize an OVMM-heuristic base-
line to collect manipulation expert trajectories that include robot proprioception, action, and visual
observations to fine-tune off-the-shelf manipulation foundation models. The simulator experiments
are training and testing on 8 RTX 3090 GPUs.
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Figure 1: Real-world experimental platforms and deployment environments.

A.2 Real World Experiment

For the real-world experiments, we use HEXMOVE as the base and two PiPER robotic arms to
build a dual-arm mobile manipulation robot, which is equipped with a Femto Bolt RGB-D sensor
as the head camera to acquire high-quality scene point clouds, and two Gemini 336L RGB-D sen-
sors as the wrist cameras to assist in the manipulation task execution. Meanwhile, an Intel tracking
camera T265 is employed to acquire the robotic camera poses to reconstruct the deployment scene.
We recognize scene target objects and task planning using GroundingSAM [1] and GPT-4o, respec-
tively, which ensure the zero-shot generalization ability of the overall framework. Figure 1 further
demonstrates the real-world experiment platform and environment. The real-world experiments are
all performed on a single RTX 4060 GPU.

A.3 Training Details

In the OVMM simulator, we collect expert demonstration data for pick-and-place during mobile
manipulation with heuristic baselines. To better fine-tune OpenVLA [2] to mitigate cross-robot
ontology differences, we collected a total of 20k data and fine-tuned 10k epoch on 8 RTX 3090
GPUs using the LoRA strategy. We ensured the diversity of viewpoints in the expert trajectories
during the collection process in order to achieve a higher viewpoint generalization.

For both RDT-1B [3] and iDP3 [4] manipulation policies, we collected fine-tuning data in a realistic
kitchen environment, spanning three long-horizon tasks—Arrange various food items, Dispense hot
water from a water dispenser and mix with cold water, and Cook food—each decomposed into 2-5
subtasks (e.g., “pick up ingredient,” “align container,” “adjust water temperature”) with 50 expert
demonstrations per task.



Table 1: Real-world task instructions. The target is the object to be interacted with, and the subgoal
is the condition that needs to be completed.

Type Instruction Target Subgoal

Bring me food

Give me a banana Banana

1. Grasp the target
2. Place the target in the plate

Get some food for me Strawberry,
Banana or LemonI want to eat some food

I am hungry
I want to eat a strawberry Strawberry

Serve me water

I want a cup of water Cup 1. Grasp the target
2. Fetch hot water
3. Grasp target filled with cold water
4. Mix hot and cold water
5. Put down the targets

I want to drink water Cup,
Mug or BowlI need drink

Give me some water, please!

Prepare a meal

Prepare a launch
Banana, Strawberry

or Corn

1. Grasp the target
2. Put the target in the Pan
3. Grasp the bowl
4. Grasp the cooked target
5. Put the target in the Bowl

Make some salad
Warm up the food
Cook for a meal

RDT-1B: The RDT-1B policy uses dual-arm 6-DOF joint positions, gripper open/close angles, and
synchronized RGB streams (640×480 @ 30 Hz) from three cameras—one frontal and two mounted
on the left and right grippers—as inputs. We fine-tuned the model for 150,000 gradient steps on 8
NVIDIA RTX 4090 GPUs (total batch size 128) using the AdamW optimizer (learning rate 1×10−4,
weight decay 1× 10−2), following the default RDT-1B configuration.

iDP3: The iDP3 policy takes dual-arm 6-DOF joint positions, gripper angles, and point-cloud
frames (640×480 depth → 3D XYZRGB) from a frontal Orbbec Femto Bolt (20 Hz) as inputs.
We reduced both the agent-state vector and action vector to 14 dimensions (7 per arm) to match
our dual-arm kinematics. Training was performed for 3,000 epochs on a single RTX 4090 GPU
(batch size 64) using Adam (learning rate 1 × 10−4, weight decay 1 × 10−6). Validation perfor-
mance plateaued after approximately 2,500 epochs, and we selected the checkpoint with the lowest
validation loss.

B Real World Tasks and Metrics

B.1 Task Description

In real-world experiments, we have tested three types of task instructions to verify that MoTo can
fully utilize the off-the-shelf fixed manipulation model to accomplish the task requirements. Specif-
ically, each task corresponds to multiple instructions, and the robot needs to reason about the best
interaction goal as well as action planning based on the scene information. Details of the test tasks
are demonstrated in Table 1.

B.2 Metrics

We follow the metrics of [5] and use the success rate and task completion rate to measure real-world
mobile manipulation performance. For each instruction, the robot must complete the corresponding
subtasks in Table 1 for the manipulation to succeed. Task completion rate is the ratio of completed
subgoals to those necessary to complete a task, which reflects the progress of the robot in completing
the task. For example, in the “Serve me water” task, if the robot only successfully grasps and places
the target (e.g., a cup or bowl), but there is no water in the target, the task completion rate is 0.4.

C Optimization Algorithm

Navigation policy is one of the fundamental challenges of mobile manipulation, and it must ensure
that the generated base docking points are feasible for subsequent actions. Conventional navigation
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Figure 2: Visualization of mobile manipulation trajectories for real-world experiments.

methods only provide coarse docking point proposals that cannot be effectively applied to mobile
manipulation. For this reason, we propose the optimization objective of Eq. 1 with the cost con-
straint of Eq. 3 to ensure the feasibility of the docking point selection utilizing an optimization
search approach. Specifically, it is very difficult to search for mobile manipulation trajectories di-
rectly in large-scale scenes, and we use an existing navigation algorithm to move closer to the target
object to reduce the optimized search space, searching for the optimal arm joint angle {θarmt } and
base pose θbaset iteratively with the Double Annealing Algorithm, as illustrated in Algorithm 1.

Algorithm 1: Dual Annealing-Based Trajectory Optimization for Mobile Manipulation

Input: Initial base pose θbase0 , arm joint configuration {θarm0 }, time horizon T , cost
function O, temperature schedule Tanneal

Output: Optimized trajectory {θbaset , {θarmt }}Tt=0
1 for t = 0 to T do
2 Generate candidate proposals {(θ̂baset , {θ̂armt })k}Kk=1;
3 Evaluate cost for each proposal: Ck = O(θ̂baset , {θ̂armt }) ; // Use Eq. (4)

4 Select best candidate (θbaset , {θarmt }) = argmink Ck;
5 repeat
6 Propose new candidate (θ̂baset , {θ̂armt }) using Dual Annealing schedule Tanneal;
7 Compute cost Cnew = O(θ̂baset , {θ̂armt });
8 if acceptance criterion satisfied then
9 Update current solution: (θbaset , {θarmt })← (θ̂baset , {θ̂armt });

10 Update annealing temperature Tanneal ← cool(Tanneal);
11 until cost improvement < ε or max iterations reached;

12 return {θbaset , {θarmt }}Tt=0

D More Results

In this section, we present additional experimental results. We visualize mobile manipulation trajec-
tories for tasks “Serve me water” and “Prepare a meal” in Figure 2 to demonstrate the performance
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Figure 3: Visualization results for keypoint generation. MoTo selects keypoint proposals (red points)
from multi-views, projects them into 3D space and votes to generate keypoints for manipulation.
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Figure 4: Failure Cases in real-world experiments.

of MoTo on mobile manipulation. We further show failure results to identify the limitations of the
existing work and better help relevant researchers to follow this work.

D.1 Manipulation Visualization

Figure 3 demonstrates the scene keypoint generation and mobile trajectory in task “Serve me water”.
MoTo first extracts keypoint candidates from multi-view RGB images with VLM, and then projects
them into the 3D space to vote for specific regions to be interacted with utilizing the consistency
of the viewpoints. Based on the key point guidelines, MoTo searches for mobile trajectories using
a zero-shot optimization algorithm, and generates feasible docking points for subsequent action, to
execute the subsequent fixed-base manipulation.

D.2 Failure Cases

Figure 4 illustrates 4 common failures in the experiment, which are analyzed as follows:

Smoothing Failure: In real-world experiments, the unsmoothed motion trajectory of the base re-
sults in high acceleration, triggering the protection mechanism, which leads to the failure of mobile
manipulation. The smoothing failure in Figure 4 illustrates that the neighboring waypoints on the
mobile manipulation trajectory are distant from each other, and the excessive acceleration of the
mobile base activates the protection mechanism, causing the banana to fall.

Localization Failure: SLAM is the key for the robot to reconstruct the scene, and also provides
real-time position information to the robot. Errors due to SLAM can cause the robot to stay in a
position far away from the specific target object.

Optimization Failure: Using the Dual Annealing algorithm sometimes gets stuck in a loop, causing
the robot to keep adjusting the base position repeatedly.

Operation Failure: Due to a series of errors such as SLAM, the robot stops at a different position
each time, which presents a challenge to the viewpoint generalization of the fixed-base manipulation
model. How to improve the viewpoint generalization of the manipulation policy is one of the key
bottlenecks in mobile manipulation.
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