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A Training Details and Dimension Reducer

A.1 Training Details

Specifically, we constructed the Vision Planner based on the 2B-parameter Sta-
ble Diffusion 3 [3] Medium, integrating a LoRA [5] adapter trained using a
mixed-precision [9] approach with FP16 for the base architecture and FP32 for
the LoRA [5] weights. Subsequent to the offline precomputation phase, we op-
timized the Action Expert alongside the Dimension Reducer, which collectively
comprise approximately 600M parameters. The comprehensive hyperparameter
configurations employed for both modules are detailed in Table [I] Regarding
computational resources, the Vision Planner was trained over a period of 2 days
using 4xNVIDIA RTX 4090 GPUs, whereas the training process for the Action
Expert and MLP Dimension Reducer required 3 days.

A.2 Dimension Reducer

Building on the enhanced multimodal capabilities demonstrated by Multi-Layer
Perceptrons (MLPs) in recent large multimodal models [6], we use the Dimension
Reducer, which functions as an MLP Projector, to transform high-dimensional
features into a unified embedding space within the Action Expert. Designed as
a feed-forward architecture, this module comprises an input LayerNorm |[1], a
linear expansion layer that projects features into a higher-dimensional space with
GELU [4] activation, followed by a linear compression layer and a final output
LayerNorm |1]. It projects the multimodal context embeddings, action-useful
planner-side transition cues (SR;, USR;), and SigLIP [11] tokens representing
all camera views as well as the future subgoal image into embeddings compatible
with the Action Expert, which are then injected as the prefix Key-Value (KV)
conditioning.
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Table 1: Hyperparameters for the Vision Planner and Action Expert.

Vision Planner Action Expert & Reducer

Global batch size 256 240
Learning rate 1.25 x 1074 1.0 x 1074
LR scheduler cosine cosine
LR warm up ratio 0.1 0.03
Epochs 10 10

o AdamW AdamW
Optimizer (81=0.9, B2—0.81) (81=0.9, B2=0.95)
LoRA rank 256 -

o FP16
Precision (LoRA [5] weights: FP32) FP32
Gradient clipping 1.0 1.0

(L.2)

B Real-World Task Details

As illustrated in Fig. a), Tasks a, b, d, and e are organized as sequential tasks
in which the two arms execute temporally ordered sub-actions with distinct
role assignments. In contrast, Fig. b) shows object-cooperative tasks (Tasks
¢ and f), where both arms coordinate around a shared object through relay or
handover.

B.1 Detailed Task Descriptions for Real-World Evaluation

Overview. We group the six real-world OpenArm [2] tasks into two categories.
Tasks a, b, d, and e are sequential tasks, in which the two arms execute tempo-
rally ordered sub-actions with distinct role assignments. In contrast, Tasks ¢ and
f are object-cooperative tasks, in which both arms must coordinate around the
same object through relay or handover. This categorization highlights whether
task success depends primarily on step-by-step temporal ordering or on tightly
coordinated bimanual object transfer.

Task a. Paper Roll into Basket (Sequential Task). This task evaluates
sequential bimanual coordination with asymmetric roles. The left arm first grasps
the basket, while the right arm grasps the paper roll. The left arm then moves
the basket toward the right side and positions it in front of the right arm. After
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Sequential Tasks ‘
Task a. Paper Roll into Basket Task b.Umbrella Placing
Initial State Final State Initial State Final State

‘Object-Cooperative Tasks
Task d. Steel Cup into Drawer Task e. Dual Cup Sorting Task ¢. Bimanual Cube Transfer Task f. Glass Handover
Initial State Final State Initial State Final State Initial State Final State Initial State Final State

(a) Sequential tasks (b) Object-cooperative tasks

Fig. 1: Real-world evaluation task details. (a) Sequential tasks, where the two arms
perform temporally ordered sub-actions with distinct role assignments. (b) Object-
cooperative tasks, where both arms coordinate around a shared object through relay
or handover.

the basket is prepared at the target location, the right arm places the paper
roll into the basket. The task emphasizes temporally ordered execution, since
successful completion depends on the left arm preparing the placement target
before the right arm performs the final insertion.

Task b. Umbrella Placing (Sequential Task). This task evaluates sequen-
tial execution after simultaneous object acquisition. Both arms first grasp their
respective umbrellas. The left arm places its umbrella into the basket first, after
which the right arm places the second umbrella into the same basket. The task
emphasizes ordered multi-step execution, since the two arms must follow a pre-
defined temporal sequence rather than acting as a cooperative pair on the same
object.

Task c. Bimanual Cube Transfer (Object-Cooperative Task). This task
evaluates single-object cooperative manipulation across the shared workspace.
The right arm first grasps the Rubik’s Cube on the right side and transfers it
to the center area between the two arms. The left arm then grasps the cube
from that shared intermediate location and moves it to the left side. Unlike the
sequential tasks, this task requires both arms to coordinate around the same
object through an inter-arm relay, thereby testing object-level cooperation and
effective workspace extension.

Task d. Steel Cup into Drawer (Sequential Task). This task evaluates
long-horizon sequential coordination involving both object manipulation and ar-
ticulated environment interaction. The left arm grasps the handle of the lower
drawer, while the right arm grasps the steel cup. The left arm opens the drawer,
enabling the right arm to place the steel cup inside. After the placement is



4 D. Kim et al.

completed, the right arm retreats and the left arm closes the drawer. The task
emphasizes temporally dependent sub-actions, since each later step becomes fea-
sible only after the preceding environmental manipulation has been completed.

Task e. Dual Cup Sorting (Sequential Task). This task evaluates sequen-
tial bimanual sorting with object discrimination. The left arm grasps the brown
cup and places it into the basket on the left side, while the right arm grasps
the green cup and places it onto the plate on the right side. The task empha-
sizes role-specific execution across two ordered placement objectives rather than
cooperative manipulation of a single shared object. It also evaluates whether
the policy can distinguish object identity and map each object to its designated
target location.

Task f. Glass Handover (Object-Cooperative Task). This task evaluates
direct inter-arm handover of a single object. The right arm first grasps the orange
wine glass and moves it to the shared workspace between the right and left arms.
The object is then handed over to the left arm, which places it into the basket on
the left side. Unlike the sequential tasks, this task requires tightly coordinated
timing between the two arms around the same object, making stable object
handover in the shared inter-arm workspace the central challenge.

Summary of Task Categories. Overall, Tasks a, b, d, and e evaluate whether
the policy can decompose long-horizon bimanual behavior into temporally or-
dered sub-actions with separate arm roles. In contrast, Tasks ¢ and f evaluate
whether the policy can maintain object-centric coordination when both arms
must manipulate the same object through relay or handover.

C Real-World Robot Experimental Setup

We provide additional details of the real-world robotic setup used in our exper-
iments, including the hardware embodiment, low-level controller, visual obser-
vation interface, and action interface. These details are intended to clarify the
practical deployment setting and improve reproducibility. The main specifica-
tions are summarized in Table 2l
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Table 2: Real-World Robot Experimental Setup Spec.

Category Ttem Content
Platform Bimanual robot platform with 8
configuration actuated axes per arm (revl-rev8).
.A1."m DOFs / revl-rev7 are revolute arm joints;
joint type / rev8 is a revolute gripper motor axis
actuator Enpp )
Robot . MIT control: hybrid
embodiment / .. .
Control mode position-velocity-torque command
hardware
. mode.
configuration
DM4340 motors are used mainly for
Actuator type revl-rev4, and DM4310 motors
mainly for rev5-rev8.
Gripper ..
Position command on rev§.
command type
Low-level Low-level P{noc.c}.uo—b.asTEd gr§v1ty compensation
with joint-limit spring terms and
Control controller type .
torque clamping.
Networ.k input 256 x 256
resolution
Camera RGB or RGB-D RGB is used in the current confirmed

pipeline.

State vector
definition

16-dimensional state: left arm (7
joints + gripper) + right arm (7 joints
-+ gripper).

Policy-control
interface

Policy action
dimension

16-dimensional.

Action semantics

([L1.7, Lg, R1.7, Rg)).

Absolute or
delta command

Absolute joint targets are published
by the policy.
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