

















Table 1: We show performance comparison of our method with relevant baselines on 9 single ma-
nipulator tasks and 3 two-manipulator tasks based on 100 trials for each of them. The task length
shows the relative difficulty of solving them. We also conduct evaluation on 3 extended tasks to
show robustness of GFC to task length (jT j) and efficient reasoning about interstep dependencies.

Evaluation Tasks RCEM | DAF [4] | STAP[5] | GSC[6] | GFC | |T]
T1 0.54 0.32 0.88 0.84 082 | 4
Hook Reach | T2 | 0.40 0.05 0.82 0.84 082 | 5
T3 | 0.30 0.00 0.76 0.76 080 | 5
Single Rearrangement T1 0.30 0.0 0.40 0.68 068 | 4
Manipulator Push T2 | 0.10 0.08 0.52 0.60 065 | 6
T3 | 0.02 0.0 0.18 0.18 025 | 8
Constrained T1 0.45 0.45 0.65 0.75 075 [ 6
Packing T2 | 045 0.70 0.68 1.0 1.0 6
T3 | 0.10 0.0 0.20 1.0 1.0 8
Bimanual Hammer Place 0.05 - 0.28 0.41 0.63 8
Manipulation Pour Cup _ 0.10 - 0.18 0.15 041 | 4
Hammer Nail 0.02 - 0.15 0.15 034 | 11
Longer Horizon Evaluation Tasks
Handback Hammer Nail 024 | 16
Handback Hammer Nail w/ auxilliary tasks 025 | 18
Handback Hammer Nail w/ extended auxilliary tasks 0.21 | 20

dependency structures such as Rearrangement Push. This validates our hypothesis that GFC effec-
tively models sequential dependencies, in addition to independence and skipped-step dependencies
in long-horizon tasks.

GFC can solve complex coordinated manipulation tasks. Here,
we aim to validate that GFC can effectively plan and solve different
types of coordinated manipulation tasks. We present results on tasks
with increased collaboration challenges. First, we consider tasks
that require coordination but can be serialized into interleaved skill
chains and solved by prior skill-chaining methods. Hammer Place,
as shown in Figure S16, is for one arm to pick a hammer, hand it Bimanual Reorientation
over to another arm for placemement into a target box. Hammer
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is larger in the more challenging Hammer Nail task, which includes
additional spatial and temporal constraints as shown in Supp. S7.
This demonstrates that GFC can effectively model and resolve both
spatial and temporal constraints in complex tasks.

Figure 4: Evaluating GFC on
bimanual reorientation where
two arms simultaneously pick
and reorient a pot.

GFC can zero-shot generalize to new bimanual tasks by com-

posing single-arm skill chains. The Pour Cup (Figure S11) task is to Pick a cup with each arm,
Move to position the two cups, and Pour the content of one into the other. GFC can directly reuse
Pick and Move skill models and adapt the Strike skill model for the Pour step by adding a new
spatial constraint. The constraint that “the cups can only be poured using the open top and not the
closed bottom” can be directly added as a factor and optimized globally through guided diffusion
process. A quantitative comparison is shown in Table 1. Finally, we consider the Bimanual Re-
orientation (Figure S12) task where two arms must simultaneously operate on the same object of
interest (a pot), lift it up, and rotate it to a target reorientation angle (about z-axis) as illustrated
in Figure 4 (Top) for a 45-deg angle. The tasks must be solved via parallel skill chaining with
spatial constraints and hence none of the prior baselines can be used. The factor graph ( Figure 2
Right) includes a spatial fixed transform constraint between both the arms and hence the subsequent
skills operate while satisfying the constraint. Figure 4 (Bottom) shows a detailed task success rate
breakdown given different orientation goals.

GFC can handle independence and inconsistent skill chains. Here, we analyze how independent
steps in a sequential manipulation chain affects the performance of each method. We consider Ham-
mer Place, where the order of transporting the cube and handing over hammer is interchangeable.
As illustrated in Figure 5, we consider a consistent plan skeleton where sequentially-dependent steps
for the two main objectives, i.e., (1) opening lid then transporting cube and (2) picking, handing over,
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Figure 5: Linear chaining has limitations. Baseline methods with linear chain assumption suffers
from performance drop when given inconsistent skill chains, where steps with sequential dependen-
cies are swapped. GFC retains high success rate using the parallel skeleton.
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Figure 6: Analysis of coordination. We show that the planner is able to reason about the long-
horizon action dependency of Pick and Grasp skills. (Left) While we see that Hammer Place
can be solved by pick/grasp at head/tail and vice versa, to satisfy the precondition of Strike in
Hammer Nail, the hammer must be grasped near tail so must be picked near head. (Right) We show
orientation reasoning, where the hammer can either be grasped on the same side or the flip side.

and placing hammers, are completely sequentially. We also consider an inconsistent plan skeleton
where the steps are interleaved. We show the handover success and overall task success in Fig-
ure 5 (Right). A successful handover requires choosing compatible parameters for Pick, Regrasp,
and Move skills. While this increases the difficulty leading to lower scores in the handover success
rate, the previous approaches failed to account for minor distraction and propagate the skipped-step
dependencies as evident from the task success rate.

GFC can reason about action dependency while being robust to increasing task horizons. We
observe in Figure 6 (left) that while Hammer Place task can be solved by picking or grasping on
any end of the hammer handle, Hammer Nail requires more constrained parameter sampling. Fur-
ther, in addition to the parameter selection along the handle axis, the method also samples suitable
orientation (same or flip side) for grasping as shown by two examples in Figure 6 (right). We further
give an example of the capability of our method in handling longer horizon inter-step dependencies
in Figure S17 and simultaneously being robust with respect to the task length as shown in Table 1.

6 Limitations

First, our method does not generate high-level task plans. Solving the full TAMP problem with a
unified generative model is an important future direction. Second, our method operates in a low-
dimensional state space and hence requires a state estimator. We plan to extend GFC to work with
high-dimensional observations. Finally, similar to prior works [4, 5, 6], our approach operates on
parameterized skills.

7 Conclusion

We presented GFC, a learning-to-plan method for complex coordinated manipulation tasks. GFC
can flexibly represent multi-arm manipulation with one or more objects with a spatial-temporal
factor graph. During inference, GFC composes factor graphs where each factor is a diffusion model
and samples long-horizon plans with reverse denoising. GFC is shown to solve sequential and
coordinated tasks directly at inference and reason about long-horizon action dependency across
multiple temporal chains. Our framework generalizes well to unseen multiple-manipulator tasks.
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