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Abstract: Bimanual manipulation has been widely applied in household services
and manufacturing, which enables the complex task completion with coordination
requirements. Recent diffusion-based policy learning approaches have achieved
promising performance in modeling action distributions for bimanual manipula-
tion. However, they ignored the physical safety constraints of bimanual manipu-
lation, which leads to the dangerous behaviors with damage to robots and objects.
To this end, we propose a test-time trajectory optimization framework named
SafeBimanual for any pre-trained diffusion-based bimanual manipulation poli-
cies, which imposes the safety constraints on bimanual actions to avoid dangerous
robot behaviors with improved success rate. Specifically, we design diverse cost
functions for safety constraints in different dual-arm cooperation patterns includ-
ing avoidance of tearing objects and collision between arms and objects, which
optimizes the manipulator trajectories with guided sampling of diffusion denois-
ing process. Moreover, we employ a vision-language model (VLM) to schedule
the cost functions by specifying keypoints and pairwise relationship, so that the
optimal safety constraint is dynamically generated in the entire bimanual manip-
ulation process. SafeBimanual demonstrates superiority on 8 simulated tasks in
RoboTwin with a 13.7% increase in success rate and a 18.8% reduction in unsafe
interactions over state-of-the-art diffusion-based methods. Extensive experiments
on 4 real-world tasks further verify its practical value by improving the success
rate by 32.5%. https://denghaoyuan123.github.io/SafeBimanip/
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1 Introduction

Bimanual manipulation [1, 2, 3, 4, 5, 6] is a fundamental capability for robots to perform real-
world tasks in household service [2], surgical operations [7] and manufacturing [8]. Compared with
the unimanual manipulation system, bimanual manipulators are able to handle more complex tasks
such as cooking and sewing, where one arm stabilizes the target object and the other arm performs
the demanded action. Therefore, learning generalizable and robust bimanual manipulation policy
is desired in real-world robot manipulator deployment. However, the extremely high degrees of
freedoms (DOFs) in bimanual manipulators poses challenges in policy learning due to the large
policy space.

To address this, hierarchical policy learning [9, 10, 11] has been widely studied where the original
large space is decomposed with reduced complexity. To further decrease the complexity caused by
action discretization, diffusion policy [12, 13, 14, 15] models the action distribution via continu-
ous denoising process for policy generation, which shows excellent scalability to high-dimensional
output with the score-based learning. However, spatial and temporal coordination between arms
are required in bimanual manipulation tasks, and the arm misalignment usually leads to dangerous

*Corresponding author.

9th Conference on Robot Learning (CoRL 2025), Seoul, Korea.


https://denghaoyuan123.github.io/SafeBimanip/

Unsafe Bimanual Manipulation Taxonomy —
success rate(7

Object Unsafe Interaction Gripper Unsafe Behavior 60 danger rate(%)

X X |7 et o 507
QA 137 g

X
‘ ' 20 25.1
a 2 -
object-object collision  behavior misalignment grippers poking objects  grippers object  gripper-gripper collision
4 < X L

Diffusion Methods = SafeBimanual

135163 264 159 244 3.80thers SafeBimanual $.¢.

Object Safe Interaction Gripper Safe Behavior
— SO - S
i 1320 Demonstrations

> l\_ R
LA [
34 -~
7 Benchmarks L

65 Bimanual Tasks = objects collision-free behavior alignment grippers without poking  grippers without tearing  grippers collision-free
e

Figure 1: SafeBimanual imposes safety constraints into policy optimization to enable physically
safe and task-effective bimanual manipulation across diverse scenarios.

behaviors including trajectory intersection of arms and inconsistent end-effector actions on the same
objects because existing methods fail to consider diverse physical safety constraints in real-world
deployment, which causes severe consequences such as collision and object tearing.

In this paper, we present a SafeBimanual method to impose the safety constraints of the real-world
bimanual manipulation on diffusion policy to avoid dangerous robot behaviors. Different from exist-
ing diffusion policy which directly samples actions from denoising distribution [12, 13, 14, 15], our
method acquires safe trajectory in test time by guided action sampling of pre-trained diffusion poli-
cies, which is efficiently adapted to different safety constraints across real-world deployment scenar-
i0s. More specifically, we design diverse cost functions for safety constraint in different bimanual
cooperation patterns such as gripper movement consistency to avoid object tearing in symmetric co-
operation and object collision avoidance in asymmetric cooperation. As illustrated in Figure 1, these
cost functions are designed based on the dominant unsafe interaction patterns revealed by an unsafe
bimanual manipulation taxonomy, which systematically analyzes 65 bimanual manipulation tasks
across 7 benchmarks. The gradient of cost functions is applied to generate the guidance of diffu-
sion denoising process. As the optimal cost functions should be dynamically generated in different
stages of the entire bimanual manipulation process, we employ a vision-language model (VLM) to
schedule the cost functions, where keypoints and corresponding pairwise relationship in the coop-
eration patterns are specified. Extensive experiments show that SafeBimanual increases the success
rate in the RoboTwin simulator and the real world by 13.7% and 32.5% respectively compared with
the state-of-the-art bimanual manipulation methods, as the unsafe interactions are reduced by 18.8%
and 30.0% during the arm cooperation. Our contributions can be summarized as follows:

* We propose a test-time trajectory optimization framework for safe bimanual manipulation, which
plays as a plug-and-play module for diffusion policy to efficiently adapt to diverse safety con-
straints across deployment scenarios.

* We present a VLM-based safety constraint scheduler by dynamically considering cooperation
patterns, where keypoints and corresponding relationship are specified to generate optimal cost
functions.

* We conducted extensive experiments in both simulators and real robots on a wide range of house-
hold tasks. The higher success rate and fewer unsafe interactions compared existing methods
demonstrate the effectiveness of safety awareness in bimanual manipulation.

2 Related Work

Bimanual Manipulation. Dual-arm systems [16, 17] can complete more complex manipulation
tasks than single-arm manipulators [18, 19] because of the higher flexibility and efficiency, which
have been widely deployed in household service [20], surgical operations [21] and industrial assem-



bly [22]. Early attempts applied reinforcement learning and imitation learning to generate bimanual
manipulation policy with the guidance of designed reward and human expert demonstrations respec-
tively. To deal with the large policy space caused by the high DOFs of dual-arm systems, the policy
was learned hierarchically [23] where the bimanual tasks was decomposed into different single-arm
manipulation tasks such as stabilizing and acting. However, learning the bimanual manipulation
policy in the discrete action space still causes extremely high complexity.

Diffusion Models in Robotics. Inspired by the great success in image generation, diffusion models
[12, 14, 15, 24] have aroused extensive interests in policy learning because of the expressive ability
of multimodal action distributions and the scalibility to high-dimensional space, which improves the
stability, efficiency and success rate of bimanual manipulation policy learning. To leverage richer
information such as geometry, temporal relation and robot states in manipulation tasks, compact
representations of 3D point cloud [14, 15], videos [25] and proprioception [26] are learned as con-
ditions for diffusion policy generation. Meanwhile, diffusion sampling strategy is improved with
higher efficiency to adapt to the limited computational resources in robots, where faster sampling
paths [27, 28] or even one-step diffusion [29] are explored for real-time applications. As spatial and
temporal coordination between arms is required in bimanual manipulation, existing diffusion policy
that ignores the safety constraints usually causes arm misalignment with dangerous behaviors such
as collision and object tearing.

Trajectory Optimization. Trajectory optimization plays a pivotal role in robotic manipulation, en-
abling robots to generate feasible and efficient motions toward task goals [30, 31]. Traditional meth-
ods typically impose geometric or contact constraints to ensure collision-free trajectories [32, 33],
often rely on hand-crafted formulations for specific tasks and struggle to scale in high-DOF sys-
tems like bimanual manipulation. To address this, data-driven methods have emerged that learn task
objectives and constraints directly from demonstrations or interaction data [34, 35, 12], improving
adaptability in unstructured scenes. Benefiting from the rise of foundation models, recent works
such as VoxPoser [36] and ReKeP [37] demonstrate that leveraging VLM to infer affordances and
constraints can further enhance generalization and planning efficiency [38, 39, 40]. In this work,
SafeBimanual is inspired by these advances and tackles unsafe interactions in bimanual manipu-
lation. We impose safety constraints into the diffusion denoising process via a VLM scheduler to
avoid dangerous robot behaviors.

3 Methodology

In this section, we first introduce problem statement (3.1). Then, we formulate imposing safety
constraints on trajectories as guided sampling in denoising process of pre-trained diffusion policies
(3.2). To specify, we design cost functions based on the dominant unsafe interaction patterns re-
vealed by an unsafe bimanual manipulation taxonomy to guide the denoising process (3.3). We
further propose an adaptive scheduler to dynamically select optimal cost functions in different bim-
naual task stages based on the specified cooperation patterns (3.4). Our overall pipeline can be seen
in Figure 2.

3.1 Problem Statement

Bimanual manipulation involves coordinating two robotic arms to jointly manipulate objects, en-
abling the execution of complex tasks such as folding, assembly, or collaborative transport. Given
the observation O; consisting of visual, proprioceptive, and optional instruction inputs at time ¢,
diffusion-based bimanual manipulation policies model the denoising distribution p(A; | O;) to
interactively predict optimal coordinated action sequences A; = (a¢+1,...,at+n), Where each
ai € RT = (¢f,q7,9¢,97) encodes the joint positions (¢!, q}') and gripper states (g¢, gl') of the
two arms. However, directly sampling actions from the denoising distribution without considering
physical safety constraints may result in coordination misalignment, inter-arm collisions, or object
tearing during bimanual coordination, especially in real-world where precise spatial and temporal
synchronization between arms is critical. In light of this, we focus on imposing safety-aware guid-
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Figure 2: SafeBimanual. The framework integrates a Vision-Language Model (VLM)-based Adap-
tive Safety Cost Scheduler with stage-appropriate safety constraints. These constraints guide the
diffusion denoising process to optimize dual-arm trajectories for safe and coordinated manipulation
during deployment.

ance during the diffusion denoising process to promote physically feasible bimanual coordination.
We consider bimanual manipulation tasks decomposed into K sequential stages {s;}X ;. For each
stage s;, the objective is to infer the potential unsafe interaction pattern and to quantify it using a
set of differentiable safety costs C(A;, P, s;), where P denotes the relational keypoints between the
two arms and the manipulated objects [37], thereby steering the trajectory toward a physically safer
version Aife,

3.2 Guided Sampling in Denoising Process.

Following the Denoising Diffusion Probabilistic Model (DDPM) framework [41], the policy gener-
ates actions by iteratively denoising from Gaussian noise:

p(Af_l ‘ A?7Ot) :N(Af_lv H(AfaOtvk)a 2)7 (1)
where 1 (A¥, Oy, k) is the predicted mean, X is determined by the noise schedule, and % indexes
the denoising timestep. To impose safety during generation, we extend classifier-guided diffusion to
incorporate task-aware constraints through energy-based guidance. Since directly evaluating costs
on noisy samples A¥ is ineffective, we estimate the corresponding clean action chunk Ap|, using the
noise prediction network €y [42]. We then compute a cost scheduled by the Adaptive Safety Cost
Scheduler, denoted as Cschcd(Ao|k, P, s¢), and inject its gradient into the denoising update:

A§71 = /J’(A115€7 Otu k) — Pk vAk Csched(AOHm 7)’ St) + OLE, g~ N(O7 1)7 (2)

where pj, controls the strength of safety guidance and oy, is the noise schedule. This formulation
steers trajectory Afafe generation toward physically feasible and safe bimanual behaviors, guided by
both task semantics and safety priors.

3.3 Safety Cost Formulation

Unsafe Bimanual Manipulation Taxonomy. To systematically characterize unsafe bimanual ma-
nipulation, we analysis 1,320 demonstrations from 65 tasks across 7 bimanual manipulation bench-
marks [43, 44, 45, 46, 47], focusing exclusively on unsafe modes caused by dual-arm behaviors.
As illustrated in Figure 1, our study shows that over 96.2% of such unsafe interactions fall into five
representative categories, which we group into two physically grounded classes: 1) object unsafe
interaction: object-object collision and behavior misalignment; 2) gripper unsafe behavior: gripper
poking, tearing, and gripper-gripper collision. This taxonomy emerges naturally from the physi-
cal characteristics of unsafe interactions: object-level unsafety typically involves misaligned object
motion or unintended collisions, while gripper-level unsafety results from improper end-effector be-
haviors such as poking, tearing, or self-collision. The taxonomy forms a clear basis for defining
modular safety constraints.



Safety Cost. Given keypoints P = {kf, k7 } identifying high-risk interaction regions of the left and
right arm, we formulate five cost terms based on their spatial relationships, each addressing one of
the five dominant unsafe interaction patterns. We express these constraints as differentiable functions
of the estimated clean trajectory Ag, = (ql7 qr), so that gradients can be directly backpropagated
into the action space. Following [48, 37], we assume rigidity between the end-effector and the
grasped keypoints within an action chunk. The grasped keypoints include both the gripper tip and
object-side points, which are computed as functions of the joint state ¢! at each timestep:

ko= Fa) T, pi®=F@)T", ie{tr} 3)

) i is the static offset from

where F(q}) denotes the differentiable forward kinematics of arm , Tl.(o
the object keypoint to the end-effector, computed from the first action of action chunk, and Titlp is
the fixed transform from the gripper tip to the end-effector. Then each safety cost C;(Ag, P) is

defined through differentiable metrics quantifying geometric relationships between keypoint:

1) Objects Collision Cost. To mitigate collision risks between manipulated objects, we impose a
distance-based safety constraint C; over the object keypoints P with the highest collision likelihood:

Ci(Ao) = — ||kf — k7], )

where k!, k7 are the transformed object keypoints of the left and right arms at timestep ¢, computed
in Eq (3). By enforcing this constraint, we maintain a safe distance between the manipulated objects,
effectively reducing the risk of unintended collisions or contact.

2) Behavior Alignment Cost. Take the example of a pouring water task where the left arm holds
the bottle and the right arm holds the cup. To enforce safe task-level alignment, which needs (1) to
enforce axis alignment between the bottle keypoint k¢ and the cup axis, and (2) to adjust the vertical
offset concerning the cup position k;. The cost C2 can be denoted as:

ColAo) = |(T=22T)0al|” + A(Tla —ho)?, Lo =kl — k] (5)

where z € R? is the unit vector along the cup axis, and hg specifies the bottle-to-cup kepoints
vertical offset. Eq. (5) generalizes to bimanual tasks requiring spatial behavior alignment, such as
insertion and stacking.

3) Grippers Poking Cost. To avoid unintended surface contact such as poking or scratching, we
penalize deviations between the gripper’s approach direction and the keypoint—tip vector:

Ca(Aopk) = ||(1 — aa") (kj — p™)],, (6)
where a = Approach (.F (q})) is the gripper’s approach axis and pzip is the gripper tip position. Cs
penalizes any component of the keypoint—tip vector that deviates from the intended approach axis.

4) Grippers Tearing Cost. To prevent tearing a rigidly grasped object, we penalize deviations from
the initial grasp width d between the two gripper tips:

i i 2
Ca(Aop) = (Ipy® =PIl = do)”, (7
This constraint helps prevent the unintended stretch or shear forces on the manipulated object.

5) Grippers Collision Cost. To avoid end-effector collisions, we penalize proximity between the
two gripper tips: _

Cs(Aoj) = =llpg™ = 1P|, (®)
This constraint maintains a minimum clearance between the grippers, reducing the risk of opposing
forces between arms that may lead to mechanical deadlock or system failure.

3.4 Adaptive Safety Cost Scheduler

Different stages of a bimanual task impose distinct safety priorities, such as collision avoidance
during simultaneous moving of two objects and alignment during pouring. To dynamically schedule



safety constraints, we deploy a vision-language model (GPT-40) in a structured chain-of-thought
(CoT) process [49, 50], executing two sequential stages: (1) Identify unsafe pattern. Given the
observation O, relational keypoints P, and current task stage s;, the VLM infers the most likely
unsafe interaction pattern from a predefined taxonomy. This step enables the system to reason
about safety-critical conditions grounded in real-world semantics. (2) Schedule cost terms with
keypoints. Conditioned on the predicted unsafe pattern, the VLM schedules a subset of relevant
safety cost terms and identifies the corresponding relational keypoints. It activates only the necessary
costs C; via a binary mask and assembles them into Csched (Ao, P, 5¢)-

For keypoints proposal, our relational keypoint set P consists of: (i) semantically meaningful object
keypoints in Cartesian space extracted using ReKeP [37], tracked over time with CoTracker3 [51]
for temporal consistency; (ii) gripper tip positions pzlp, piP derived from forward kinematics; and
(iii) object pose centers estimated via Omni6DPose [52]. Detailed are provided in the Appendix D.3.

For efficiency, we adopt a DDIM denoising strategy and apply safety guidance only in the final
denoising steps (K < 3), during which the trajectory is refined using the gradient of the scheduled
cost as shown in Eq. 2, progressively steering generation toward trajectories A$* that are both
task-effective and physically safe.

4 Experimental Results

We evaluate SafeBimanual through extensive experiments in both simulated and real-world settings.
Our experiments addresses three key questions: (1) How effectively does SafeBimanual optimize di-
verse bimanual tasks while ensuring safety and task success (Section 4.2)? (2) Do the five safety cost
terms sufficiently cover unsafe patterns, and can the scheduler adaptively select constraints across
task stages (Section 4.3)? (3) What practical safety and generalization benefits does SafeBimanual
bring in real-world applications (Section 4.4)?

4.1 Experiment Setup

Simulation Benchmark. We evaluate our framework on eight representative bimanual manipula-
tion tasks from the RoboTwin [44], covering diverse dual-arm coordination patterns that span nearly
all types of unsafe interactions. See Appendix B.1 for detailed task descriptions.

Baselines. We apply SafeBimanual framework to optimize several representative diffusion-based
policies, including 2D Diffusion Policy (DP), which predicts actions from images, and 3D Diffusion
Policy (DP3), which uses compact 3D point cloud representations for imitation learning. We also
include RDT-1b, a diffusion-based bimanual foundation model, as a strong baseline. All baselines
are trained or fine-tuned with 50 expert demonstrations per task. See Appendix D.2 for more details.

Evaluation Matrix. Success Rate (SR) and Danger Rate (DR). SR is the percentage of episodes
(out of 100) completed successfully without any unsafe behavior. DR is the proportion of episodes
where at least one unsafe interaction occurs, as defined by the taxonomy in Section 3.3, which
includes: 1) Object—Object Collision and 2) Gripper—Gripper Collision: detected via continuous
collision monitoring in simulation. 3) Gripper Poking Object: triggered by unintended surface
contact during grasping (e.g., poking or scratching). 4) Objects behavior misalignment: detected
when the projected distance between two task-relevant keypoints on the plane orthogonal to the
alignment axis exceeds the threshold dyjign = 0.03 m. 5) Gripper tearing object: flagged when the
change in gripper tips distance for a rigidly held object exceeds diesr = 0.04 m.

4.2 Simulation Results

Quantitative Experiments. Experiment results are shown in Table 1. (1) SafeBimanual consis-
tently improves the performance of three state-of-the-art diffusion-based methods (DP, DP3, and
RDT-1b) across eight simulated tasks in the RoboTwin environment. Specifically, it increases the
success rate from 39.6% to 50.7% and reduces the danger rate from 43.9% to 25.0%, demonstrating



Table 1: Multi-Task Test Results in Simulator. SR | (Success Rate) and DR | (Danger Rate) are
evaluated over 100 episodes. SafeBimanual enables plug-and-play transfer for multiple diffusion-
based policies, achieving a 13.8% increase in success rate and a 18.9% reduction in unsafe interac-
tions.

Dual Bottles  Dual Bottles Block Blocks Stack Pour
Method Pick (Easy) Pick (Hard) Handover (Easy) Water

SR DR| SR DR| SR DR| SR DR| SR DR|
DP [12] 33% 23% 45% 38% 19% 13% 0% 40% 26% 30%
DP + SafeBimanual 46% 9% 60% 23% 25% 4% 5% 20% 40% 14%
DP3 [14] 59% 19% 45% 37% 83% 17% 25% 46% 79% 21%
DP3 + SafeBimanual 68% 10% 58% 24% 90% 7% 30% 28% 89% 11%
RDT-1b [53] 56% 40% 39% 48% 94% 2% 14% 33% 41% 55%
RDT-1b + SafeBimanual 66% 30% 47% 39% 96% 0% 21% 21% 59% 41%

Pick Apple Dual Shoes Diverse A

Handover Place Bottles Pick verage

Method

SR DR| SR DR] SR DR/ SR DR/
DP [12] 31% 63% 5% 88% 7% 70% 20.7% 45.6%
DP + SafeBimanual 57% 23% 31% 34% 24% 40% 36.0%¢ )y 20.9% (| 24.7)
DP3 [14] 82% 18% 24% T70% 34% 54% 53.9% 35.3%
DP3 + SafeBimanual 94 % 3% 53% 38% 56% 32% 67.3%( )y 19.1%( 16.2)
RDT-1b [53] 33% 57% 7% 90% 7% 81% 36.4% 50.8%

RDT-1b + SafeBimanual 45% 41% 26% 56% 31% 54% 48.9%( ) 35.3%( 15.5)

the effectiveness of imposing safety constraints into the bimanual manipulation. (2) SafeBimanual
generalizes across diverse task types by handling different forms of unsafe interactions. Notably, it
shows greater improvements in tasks involving multiple unsafe modes, such as Dual Shoes Place,
Dual Bottles Pick (Hard), and Pour Water, where failures often result from unsafe interactions of
gripper poking, object collisions, and behavioral misalignment. In contrast, for tasks like Blocks
Stack (Easy), where failures are primarily due to semantic mistakes (e.g., incorrect stacking order)
rather than physical safety violations, SafeBimanual still reduces the danger rate (from 39.67% to
23%) but has limited impact on task success. This highlights that our method specifically addresses
safety-critical failure modes. Overall, SafeBimanual sets a new performance benchmark in biman-
ual manipulation and demonstrates strong robustness across varying task complexities and unsafe
interaction patterns.

Qualitative Analysis. As shown in Figure 3, we visualize representative executions in both real-
world and simulated environments. SafeBimanual successfully avoids diverse unsafe interaction pat-
terns including collisions, misalignment, and gripper poking, while maintaining coordinated dual-
arm behavior across different tasks.

4.3 Ablations

SafeBimanual integrates two key components: a set of safety cost functions and an adaptive schedul-
ing mechanism for selecting appropriate constraints during execution. We conduct ablations by
applying SafeBimanual to optimize diffusion policy [12].

Safety Cost Ablation. We perform leave-one-out ablations over the five safety cost terms and re-
port results in Table 2. Removing any single cost consistently increases the overall Danger Rate,
confirming the importance of each constraint. The object—object collision cost has the most signifi-
cant impact, as such collisions are common across all tasks. In contrast, the gripper tearing cost has
a smaller effect, since tearing mainly arises in specific tasks like Block Handover and Pick Apple
Handover.
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Figure 3: SafeBimanual integrates safety constraints to ensure robust and safe bimanual manipula-
tion across diverse tasks.

Cost Scheduling Ablation. We compare three Table 2: Ablation. Each ablation setting is
scheduling strategies: (1) a fixed-weight baseline tested over 20 episodes across 8 tasks.
that activates all costs equally, (2) a VLM-based

scheduler without chain-of-thought (CoT) rea- Method Average
soning, and (3) our proposed CoT-VLM sched- SR(%)! DR(%)|
uler that dynamically selects cost terms based on wilo Cy 31.8 24.4
inferred unsafe patterns. As shown in Table 2, w/o Co 33.8 23.1
fixed-weight scheduling often fails to adapt to wlo Cs 25.0 37.5
task-specific safety needs and may introduce con- wlo Ca 3.1 21.3
.. . . . w/o Cs 30.0 244
flicting constraints, which can hinder task execu- y PRI o4 s
ti d red tes. 1 trast, w/o VLM (fixed weights) 19. .
ion and reduce success rates. In contrast, our wf VLM wio CoT 25.6 169

adaptive CoT scheduler consistently improves
success rate and reduces Danger Rate by select- SafeBimanual 35.5 19.8
ing stage-appropriate cost combinations.

4.4 Real-World Experiments

We evaluate SafeBimanual on the

Galaxea-R1 humanoid robot using Success Rate (%)  Danger Rate (%)
. DP mDP

four real-world bimanual tasks that M SateBimanual SafeBimanual

span all unsafe interaction types in 70

100 90
70 70
. . 60 60
our taxonomy. SafeBimanual is de- 5o o B
- . . 30 30 30 30
ployed to optimize pre-trained diffu- . o . l . .10 20 20
sion policies, resulting in higher suc- 0 -

. Pass Banana Pour Water Wipe Bowl Place Fruits
cess rates and fewer unsafe interac-
tions compared to the original poli- Figure 4: SafeBimanual Real-World Results.
cies as shown in Figure 4. To further
assess long-horizon performance, we introduce a challenging Prepare-Breakfast benchmark that
combines all five unsafe interaction modes. Fine-tuning iDP3 [54] with SafeBimanual enhances
object-level generalization and reduces compounding errors over extended sequences. Detailed task
settings are provided in the Appendix B.2.

5 Conclusion

In this work, we present SafeBimanual, a test-time trajectory optimization framework that enhances
the safety of diffusion-based bimanual manipulation policies to enable safe interactions. We de-
sign safety constraints to guide the trajectory denoising process and prevent unsafe behaviors. In
addition, we leverage a vision-language model (VLM) to dynamically schedule optimal constraint
combinations based on keypoints and their relational structures, avoiding unsafe interactions such
as collisions, tearing, and misalignment. Our approach generalizes across diverse dual-arm cooper-
ation patterns and achieves consistent performance improvements in both simulated and real-world
tasks. These results highlight the practical value of incorporating physical safety reasoning into
policy optimization for reliable robotic manipulation in complex environments.



6 Limitations

While SafeBimanual significantly reduces unsafe interaction rates and improves task success across
a wide range of scenarios, it does not guarantee complete safety under all conditions. In extreme
or highly cluttered environments, residual unsafe behaviors may still occur due to the limitations
of policy expressiveness or constraint coverage. Moreover, SafeBimanual is specifically designed
to mitigate unsafe physical interactions (e.g., collisions, poking, tearing) and is less effective in ad-
dressing semantic task failures, such as incorrect execution order—for instance, placing blocks in the
wrong color sequence. Our method also relies on visual keypoints and estimated poses, which may
suffer from occlusion or noise. To mitigate this, we employ 2D keypoint tracking with a fixed grasp-
offset assumption to improve robustness once an object is held; implementation details are provided
in the Figure 6. Additionally, the quality of constraint scheduling depends on the reasoning ability
of the vision-language model (VLM). While the CoT-based scheduler shows strong performance
overall, it occasionally generates incomplete or suboptimal constraints due to limitations in VLM
understanding. We expect this aspect to improve with continued progress in large-scale pre-trained
models. Lastly, we observe that in subjective tasks such as object folding or table setting, the VLM
may miss fine-grained steps aligned with human preferences, which are inherently ambiguous and
task-dependent.
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Appendix
A Video Demo

A short video shows SafeBimanual imposing safety constraints to a diffusion-based policy for bi-
manual manipulation. The clip explains the idea, shows each step of the method, and ends with the
long-horizon Prepare Breakfast task completed safely. Enjoy!

B Task Description

Wipe Bowl Pour Water Pass Banana Place Fruits Prepare Breakfast
Y N
: N )
Dual Bottles Pick Dual Bottles Pick  Diverse Bottles Pour Blocks stack Pick Apple Block Dual Shoes
(Easy) (Hard) Pick Water (Easy) Handover Handover Place

e bale “"'&w;’ ‘L .»ﬁMLﬁ

Figure 5: Snapshot of all simulation(second line) and real-world tasks(first line).

B.1 Simulation Tasks

Dual Bottles Pick (Easy): Two upright bottles are randomly placed on the left and right sides of
the table. Each arm must grasp its assigned bottle, lift it, and transport both to a shared target area.
Success means both bottles end up upright and stably positioned within the target zone without
dropping.

Dual Bottles Pick (Hard): Two bottles are randomly oriented (upright, tilted, or lying down) and
placed left and right. Each arm must identify, grasp, and lift its bottle despite the varied poses, then
place both upright in the target area. Success requires both bottles to be upright and stably located
in the goal region.

Block Handover: A long rectangular block lies on the left side of the table. The left arm must
pick it up, transfer it to the right arm, and the right arm must place it at a marked goal on the right.
Success is achieved when the block is handed over and placed stably at the goal.

Blocks Stack (Easy): One red and one black cube are scattered randomly. The robot must stack the
black cube on top of the red cube in the correct order. Success is defined by a stable vertical stack
in the specified color sequence.

Pour Water: A filled bottle sits on the left and an empty cup on the right. The left arm must grasp
and tilt the bottle over the cup held by the right arm to pour water. Success requires water to transfer
into the cup without spilling outside.

Pick Apple Handover: An apple is placed at a random location on the left side of the table. The
left arm must grasp the apple, transfer it to the right arm, and fully open its gripper to complete the
handover. Success is achieved when the apple is securely held by the right arm and the left gripper
is fully open with no residual contact.

Dual Shoes Place: Two shoes from the same pair, each with a distinct design, are placed randomly
on the left and right sides of the table. The robot’s left and right arms must each grasp their assigned
shoe and deposit it into the blue target area, ensuring the toe of each shoe points toward the table’s
left or right edge.
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Diverse Bottles Pick: Two bottles of different shapes and sizes are randomly positioned. Each arm
must pick its assigned bottle and deliver both to a common target region. Success means both bottles
are placed upright and stably in the goal area.

B.2 Real-World Tasks

Pass Banana: A banana lies on the left side of the workspace. The left arm must grasp the banana,
pass it to the right arm, which places it into the other side of table. Success is achieved when the
banana is transferred intact and stably positioned within the target region.

Pour Water (Real): A filled bottle and an empty cup are arranged on a table. The robot must
coordinate both arms to pour water from the bottle into the cup. Success requires sufficient water
transfer with minimal spillage.

Wipe Bowl: A bowl sits on the left and a sponge on the right. The left arm must lift and stabilize
the bowl while the right arm wipes its interior with the sponge. Success is defined by a clean bowl
and no drops or excessive force.

Place Fruits: A juice cup is positioned to the right of a plate and a banana to the left. The right
arm must first grasp and place the cup onto the plate, and then the left arm must grasp and place
the banana beside it. Success is achieved when both the cup and banana rest stably in their intended
positions on the plate.

Prepare Breakfast: A cola bottle, an empty cup, an orange, and a banana are arranged. In Phase 1
the robot pours water from the bottle into the cup; in Phase 2 it places the orange and banana onto a
plate; in Phase 3 it lifts and carries the loaded plate to a target area. Success requires each phase to
complete without spillage, misplacement, or dropping.

C Pseudo-code for SafeBimanual

Algorithm Workflow. At runtime (Algorithm 1), SafeBimanual first decomposes the task into
discrete stages {s;}, each governed by a termination condition. For simple tasks, we pre-select all
stage-specific safety constraints and their associated termination checks, automatically switching to
the next stage’s cost guidance when its condition is met. For long-horizon tasks, we instead re-invoke
the VLM at each stage boundary to generate fresh safety primitives—adding delay but enhancing
adaptability to dynamic scenes.

Once the active stage s, is determined, SafeBimanual applies CoT-VLM reasoning to the current
observation O; and keypoints P to identify the prevailing unsafe interaction pattern. The Adaptive
Safety Cost Scheduler uses this result to produce a binary mask « that activates only the relevant
cost terms {C;}. We then sample initial noise AX and run DDIM denoising from k = K down
to 1. To balance exploration and safety, we inject cost-gradient guidance only in the final M steps
(k < M = 0.3K); early steps remain pure denoising to preserve trajectory diversity, while later
guidance steers the trajectory toward the safe output A5* once noise levels are sufficiently low.

D Implementation Details

D.1 Real World Setup

All experiments use the Galaxea R1 humanoid robot, featuring two 7-DoF arms (70 cm reach, 100
N force), a 4-DoF waist, as shown in Figure 6. Scene rgb perception is provided by a ZED head-
camera and wrist-mounted Intel D435i camera, supplemented by an Intel L515 for high-fidelity
point clouds. The real-world experiments are performed on a single RTX 4080s GPU.

D.2 Training Settings of Baseline Methods

The key training setup for our baseline policies is detailed in Table 3. In simulation experiments,
we evaluate 2D Diffusion Policy (DP), 3D Diffusion Policy (DP3), and RDT-1b; for real-world
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Algorithm 1 Safety-Guided Sampling Process for Bimanual Manipulation

Require: Pretrained diffusion-based policy ¢y [42], safety costs {C;}, taxonomy S, keypoints P,
scheduler VLM [49, 50], total denoising steps K, guided denoising steps M, execution horizon

m
t+1
while t < T do

S¢ — current task stage

1:

2:

3

4: Pt < argmaxpes Pr(p | O, P, s¢)

5: a < Scheduler. VLM(p,, P, s¢)

6:  sample initial noise AX ~ N(0, 1)

7 for £ = K down to 1 do

8: M<_M(A1]5€7Otak:)

9: Ap|r  Estimate clean chunk via g
10: if £ < M then
11: Cschod — Zi (07} Ci(AO\kapast)
12: A?il —u = kaAkCSChed + oz, ZN./\/(O, I)
13: else
14: AP oz, 2~ N(0,1)
15: end if
16: end for
17: Execute A? for the next m steps

18: t<—t+m
19: end while

> CoT-VLM unsafe pattern
> Cost-term mask

> DDIM denoising

> apply safety guidance in final M steps

tasks, we use DP and improved 3D Diffusion Policy (iDP3) as baselines. All models are trained or

fine-tuned with 50 episodes per task.

Table 3: Hyper-parameter Settings for DP, DP3, RDT-1b, and iDP3 Algorithms.

Parameter DP [12] DP3 [14] RDT-1b [53] iDP3[54]
horizon 8 8 64 16
n.obs_steps 3 3 2 2
n.action_steps 6 6 30 15
num.inference_steps 100 10 5 10
dataloader.batch_size 128 256 32 64
dataloader.num_workers 0 8 8 8
dataloader.shuffle True True True True
dataloader.pin_memory True True True True
dataloader.persistent_workers False False False False
optimizer.target AdamW AdamW AdamW AdamW
optimizer.lr 1.0e-4 1.0e-4 1.0e-4 1.0e-4
optimizer.betas [0.95,0.999] [0.95,0.999] [0.9,0.999] [0.95,0.999]
training.lr.scheduler cosine cosine constant cosine
training.lr.warmup_steps 500 500 500 500
training.num_epochs 300 3000 10000 3000
training.gradient.accumulate.every 1 1 1 1
training.use.ema True True True True
training.gpu 6000 Ada 6000 Ada A800 6000 Ada

D.3 Implementation Details of Keypoint Proposal and Tracking

Keypoint Proposal. We refer to these keypoints as safety constraint primitives. In SafeBimanual,
we define safety constraint primitives at both the object and gripper levels to capture all relevant

interaction cues (see Figure 6):

* Object-level keypoint: Local surface keypoints are extracted from RGB-D images using
DINOV2 features, SAM?2 segmentation [55], PCA reduction, k-means clustering (k = 5),
and back-projection into world coordinates (see ReKeP [37] for more details). Candidates
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Figure 6: Real-world experimental platforms (Left) and Keypoint Proposal and Tracking (Right) in
SafeBimanual.
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within 4cm of any existing keypoint are then filtered out to ensure spatial diversity. The
object center and primary axis come from the translation and principal axis of the 6D pose
estimated by Omni6éDPose [52], with axis grounding as in OmniManip [56].

* Gripper-level keypoint: Gripper tip posmons pl = F(q") Tit P are computed via dif-
ferentiable forward kinematics, where T is the fixed offset from end-effector to tip. We
do not perform surface segmentation or generate additional local keypoints on the gripper
itself, which simplifies computation and analysis while still ensuring effective prevention
of gripper collisions.

These object-level and gripper-level primitives are used to compute our five differentiable safety
costs, enabling modular, interpretable, and dynamically scheduled safety constraints during
diffusion-guided trajectory optimization.

Keypoint Tracking Under Occlusion. Although CoTracker3 [51] provides robust 2D pixel-level
tracking under heavy occlusions, direct 3D point-cloud measurements can still be lost. To re-
cover occluded 3D keypoints, we assume each local surface keypoint remains fixed in the object’s
frame. Concretely, let T',,(t) € SE(3) be the object’s pose in the world frame at time ¢ (from
Omni6DPose [52]), and let p; € R? be the keypoint coordinates in that object frame. Then its
world coordinate is k, = T,,,(¢) p7. When first observed at ¢, we initialize pz = Twol(to) Yhy,.

For any later timestep ¢ where the point is missing, we reconstruct it as kt = Two(t) py. If a noisy
observation k9" becomes available, we optionally refine via exponential smoothlng.
PR B+ (1= B) Tuo() "'k, B €0,1]. ©)

This static-offset assumption ensures accurate, temporally consistent 3D keypoint estimates even
under severe occlusions.

D.4 CoT-based Vision-Language Model Prompts

After identifying keypoint candidates, we number them {0,..., K—1} and overlay them on
the key-frame RGB image, which is then input, along with a high-level task instruction, into
the Vision-Language Model (VLM). We adopt a code-style prompt template centered around a
stage n_llm output dictionary and a stage_n_end() function skeleton. Only minimal exam-
ples are given to illustrate stage structure and constraint formats; all remaining fields (e.g., number
of stages, keypoints per stage, termination logic) are inferred autonomously by the VLM through
physical priors and visual understanding.

In this work, GPT-40 is used as the default VLM. As newer VLMs emerge, they can be directly
substituted to enhance performance without modifying downstream code. Hence, our goal is not
prompt engineering per task type, but to establish a sustainable, end-to-end pipeline: as long as key
names and function interfaces remain consistent, newer VLMs can iteratively generate stage-wise
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constraints that conform to the template format and drive robotic execution in increasingly complex
tasks. To illustrate the CoT-VLM scheduling process, we present a concrete prompt instance that
aligns with our two-stage procedure:

## Instructions
## Universal VLM-Prompt Template

#

# Suppose you are helping a bimanual robot to ensure the safety

# during performing manipulation tasks by output a python dictionary
# and stage_end function. The manipulation task is given as an image
# of the environment, overlayed with keypoints marked with their

# indices, along with coordinates of keypoints. Your job should be

# focus on avoiding unsafe behaviors between the objects.

# Inputs: - system prompt(you are safety assistant)

# - user RGB image(keypoints numbered)

# - user np.array of keypoint XYZ coordinates

### ---- 1. KEYPOINT ALIAS TABLE -----—-------—--—————————————

KEYPOINTS = {
-1 : "left_gripper_tip",
-2 : '"right_gripper_tip",
-3 : "apple_centre",
-4 : ...
# Additional ids are defined by the annotated image

}

#

## GENERAL NOTES
# - Keypoints coordinates input, is an np.array of three-dimensional

# point coordinates, each row represents the X Y Z coordinates of a
# point, the first row represents the point 1, the second represents
# the point 2, and so on.

# - Choose points by rows, which is point 1, 2, 3... And -1 is

# left_gripper_tip while -2 is right_gripper_tip

# - Decide which arm is nearer if only one should act.

# - Typical guidance types: poking / tear / align / gripper collision /
# object collision.

# - stage_end is omitted for final stage unless needed.

## STEP-BY-STEP INSTRUCTION FOR GPT4o
# 1. Determine how many stages are involved in the task. Grasping
# must be an independent stage.
Some examples:
- "dual_bottle_easy":
- 2 stages: '"grasp bottles", "move and place bottles"
# 2. For **eachx* stage:
# a. Choose guidance type & f£ill 1lm_output. (poking, objects-collision, grippers-—
collision, tear, align)
if gripper is going to grasp object:
enable poking_guidance
if two objects are both grasped and moving:
enable collision_guidance (between objects)
if object is not successfully grasped:
enable collision_guidance (between grippers)
if both grippers are holding the same object:
enable tear_guidance
if two points on the different objects need to be aligned:
enable align_guidance

H H HHHHHH R

# 1lm_output example:
1lm_output = {
"enable_7_guidance":

{

17




"enable": True/False,
"enable_left_arm":

{

"enable": True/False,
Ilpointll: ll?ll ,

}5
"enable_right_arm":

{

"enable": True/False,
Ilpointll: ll?ll ,

}

},
}

# b. If the stage needs a finish condition, implement
def stage_N_end(self):
return ...
#  k*Nmote:**
# - Consider use bool to determin the start and end of the stage, in
# case the stage is enable more than once.
# c. Write one-line comment explaining key-point choices.
# 3. Preserve ordering: Stage 1,2,3...
# 4. Return only code no extra narration.

#

## Example A "apple handover"
# Stages: 1 grasp apple, 2 handover
### stage_1 "grasp apple"
# left arm nearer to apple (choose apple centre)
11m_output = {
"enable_poking_guidance":{
"enable": True,
"enable_left_arm": <{"enable": False, "point": n_3n},
"enable_right_arm": {"enable": True, "point": null}
}
}
def stage_1_end(self):
return self.is_left_gripper_close() and (self.apple_pose[2] > 0.85)

# both grippers hold apple centre; tips are "-1" (L) & "-2" (R)
1lm_output_2T = {
"enable_tear_guidance":{
"enable": True,
"enable_left_arm": {"enable": True, "point": "-1"},
"enable_right_arm": {"enable": True, "point": "-2"}

}

# both grippers hold apple centre; tips are "-1" (L) & "-2" (R)
1lm_output_2F = {
"enable_gripper_collision_guidance":{
"enable": True,
"enable_left_arm": {"enable": True, "point": "-1"},
"enable_right_arm": {"enable": True, "point": "-2"}

}

def stage_tear_guidance_start(self):
return self.is_left_gripper_close() and self.is_right_gripper_close() and (self.
apple_pose[2] > 0.85)

def stage_gripper_collision_guidance_start(self):
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return (self.is_left_gripper_close() and self.left_gripper.pose() [2] > 0.85 and
self.apple_pose[2] < 0.8)

def get_current_guidance(self, 11lm_output_2T, llm_output_QF):
# Decide which guidance dictionary to return
if self.stage_tear_guidance_start():
return 1llm_output_2T
elif self.stage_gripper_collision_guidance_start():
return llm_output_2F

## Example B "pour coke into cup"
# Stages: 1 grasp objects, 2 align, 3 pour
### stage_1 "grasp coke and cup"
# left gripper: kp-3 (coke mid), right: kp-5 (cup mid)
1lm_output = {
"enable_poking_guidance":{
"enable": True,
"enable_left_arm": {"enable": True, "point": "3"},
"enable_right_arm": {"enable": True, "point": "5"}
}
}
def stage_1_end(self):
return self.left_gripper_close() and self.right_gripper_close()

### stage_2 "align coke with cup"
# collision points kp-1 (coke neck) & kp-4 (cup rim)
1lm_output = {
"enable_collision_guidance":{
"enable": True,
"enable_left_arm": {"enable": True, "point": "1"},
"enable_right_arm": {"enable": True, "point": "4"}
3
}
def stage_2_end(self):
height = abs(self.objectl_pose[2] - self.object2_pose[2])
return height > 0.10 # coke 10cm above cup

### stage_3 "pour coke"
# align guidance kp-1 & kp-4 (same as above)
11m_output = {
"enable_align_guidance":{
"enable": True,

"enable_left_arm": {"enable": True, "point": "1"},
"enable_right_arm": {"enable": True, "point": "4"}
}
}
# —-———- END OF EMPTY TEMPLATE -----

As an example, Figure 6 illustrates a sub-task of pouring water. After prompting, the Vision-
Language Model (VLM) analyzes a keyframe image with keypoints mask and correctly infers the
high-risk scenario of Objects Behavior Misalignment, activating the cost term Co. Based on its
interpretation, the VLM identifies and returns two keypoints: one on the top of the bottle and one
on the top of the cup. To initiate a safe and effective pouring motion, a vector @ is first constructed
between the top point of the cup and the central axis point of the cup. This vector is designed to have
the minimum angle with the world frame’s vertical z-axis. Next, a vector b is constructed between
the top of the cup and the top of the bottle. The robot then executes the pouring motion by aligning b
with @, thereby ensuring the bottle is tilted in a direction that minimizes spillage and avoids collision.
This behavior alignment cost ensures that dynamic constraints are grounded in visual observations
and can be flexibly scheduled based on scene semantics and geometry.
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E Additional Results

E.1 Visualization of the Generated Safe Bimanual Trajectories in RoboTwin

In Figure 7, we compare Diffusion Policy outputs against trajectories refined by SafeBimanual
across three RoboTwin tasks. Block Handover. During the handover stage, SafeBimanual cor-
rectly identifies the risk of gripper tearing and activates C4 to maintain a safe inter-tip distance. As
a result, the optimized trajectory avoids the tearing seen in the unmodified Diffusion Policy rollout.
Blocks Stack (Easy). At the pick stage, SafeBimanual detects potential gripper poking and applies
Cs to enforce directional alignment between the gripper tip and the cube keypoint. This prevents
surface damage and enables a stable grasp. Dual Shoes Place. While lifting the shoes, SafeBiman-
ual recognizes an imminent object—object collision and selects the shoe-head (left) and shoe-heel
(right) keypoint pair to compute C;. The guided trajectory steers clear of high-risk regions, ensuring
both shoes are moved safely to their target areas.
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Figure 7: Simulation Tasks Visualization.
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E.2 Visualization of the Generated Safe Bimanual Trajectories in Real-world

Figure 8, we compare Diffusion Policy outputs against trajectories refined by SafeBimanual across
three real-world tasks: Pour Water. During the pouring phase, SafeBimanual infers misalignment
and activates Ca, selecting the bottle mouth and cup mouth keypoints. The guided trajectory corrects
the tilt to align spout and cup, preventing spillage. Pass Banana. In the handover stage, SafeBi-
manual detects potential tearing and enables Cy4, enforcing a fixed inter-tip distance as both grippers
hold the banana. This avoids relative motion that would damage the fruit. Place Fruits. At the final
placement phase, SafeBimanual triggers the objects collision cost C;, choosing a surface keypoint
on the banana and one on the cup. The resulting trajectory maintains safe separation, preventing the
banana from knocking over the juice cup.
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Pour Water

Figure 8: Real-world Tasks Visualization.
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