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Figure 1: Mixture of Frames Policy (MoF). The complexity of a manipulation action distribution
depends strongly on the coordinate frame in which it is represented. The same relative motion
can be compact and invariant in one frame (e.g. an end-effector frame), yet form a broader and
harder-to-learn distribution in another. Conversely, some motions, such as keeping an object upright,
are better represented in a base-aligned frame. Since no single frame is universally optimal, MoF
trains frame-specialized experts and fuses their predictions in a shared canonical frame.

Abstract: Robotic manipulation is inherently multi-frame: local actions may be1

simple in an end-effector frame, while transport, upright-object handling, and2

whole-body coordination are better represented in a base-aligned frame. However,3

modern diffusion-based visuomotor policies typically commit to a single prede-4

fined action frame, forcing one denoiser to model action distributions that are often5

unnecessarily complex in that frame. We propose Mixture of Frames Policy (MoF),6

a diffusion policy that performs synchronized action denoising across multiple7

coordinate frames. MoF maintains a single canonical diffusion state, re-expresses it8

in several task-relevant frames, applies frame-specialized denoisers, and fuses their9

noise predictions back in the canonical frame. To make this possible for intermedi-10

ate noisy diffusion states, we introduce a column-based 6D rotation representation11

within an SE(3) action parameterization that supports exact, differentiable frame12

transformations without requiring noisy rotations to lie on the SO(3) manifold.13
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Across nine simulated bimanual manipulation tasks, we show that the best action14

frame is task-dependent and that MoF improves over oracle frame selection and15

standard Mixture-of-Experts (MoE) baselines. We further evaluate MoF on two16

real-world bimanual mobile manipulation tasks, demonstrating that it outperforms17

all constituent single-frame baselines. Project homepage: mof-policy.github.io.18

Keywords: Bimanual Mobile Manipulation, Visuomotor Policy Learning19

1 Introduction20

Robotic manipulation systems are inherently multi-frame. A bimanual mobile robot naturally21

operates with a base frame, left and right end-effector frames, camera frames, and other task-relevant22

coordinate frames defined by its kinematics and embodiment. These frames are not only alternative23

parameterizations of the same state, but can also make different parts of the same task easier to model.24

For example, the action of approaching and grasping a cup handle is more naturally expressed in the25

gripper frame: if the cup and gripper appear in the same relative configuration, the desired gripper26

frame action is invariant, even if the gripper-object pair is in different absolute poses relative to the27

base frame (Fig. 1 top). In contrast, when the robot transports a filled cup, maintaining the cup upright28

and moving it coherently with the mobile base is more naturally expressed in the base frame.29

This frame choice matters because different tasks can be easier to learn when the action is represented30

in a specific frame. However, modern visuomotor policies such as Diffusion Policies [1] typically31

choose a single predefined coordinate frame to parameterize the action. Even when transformations32

among frames are provided as proprioceptive observations, the denoiser must still model the entire33

action distribution in one chosen frame. Moreover, the most useful frame might vary while a34

manipulation task is progressing. A single-frame policy therefore inherits whatever complexity the35

chosen frame imposes on the action distribution, regardless of whether that complexity is intrinsic to36

the task or merely an artifact of the parameterization.37

Reasoning over multiple coordinate frames offers a natural solution to this limitation, allowing38

the policy to use each frame when the corresponding action distribution is easiest to model. Prior39

work has explored multi-frame reasoning in robot learning by mining observation frames for point-40

cloud policies [2], and composing low-dimensional frame-conditioned skills from demonstrations41

in non-visual, state-based skill learning [3]. However, multi-frame reasoning has remained largely42

under-explored in the context of modern diffusion-based visuomotor policies.43

This suggests that frames should not only be provided as observations, but should also define44

alternative action spaces in which denoising can be performed. In this paper, we propose Mixture45

of Frames policy (MoF), a diffusion policy that denoises actions in multiple coordinate frames in46

parallel. Instead of using a single denoiser in one predefined coordinate frame, MoF instantiates one47

expert denoiser per reference frame and fuses their predictions at each denoising step through either48

a mixture-of-experts pipeline or simple ensembling. This allows the policy to reason over multiple49

coordinate frames simultaneously, rather than committing to a fixed frame selected by the designer.50

To our knowledge, MoF is the first diffusion-based visuomotor policy that performs denoising directly51

across multiple action frames. Our contributions can be summarized as follows:52

• We present a systematic analysis showing that the choice of coordinate frame has a substantial53

and task-dependent effect on diffusion policy performance in bimanual mobile manipulation,54

motivating policies that reason natively across multiple frames.55

• We propose Mixture of Frames (MoF) Policy, a diffusion policy architecture that performs56

synchronized action denoising in multiple coordinate frames in parallel, with per-frame expert57

denoisers and a learned router or uniform weighting that combines their predictions.58

• We introduce a column-vector SE(3) action representation that admits exact, differentiable59

transformation of both noisy and noise-free actions across reference frames, which is essential60

for consistent multi-frame denoising.61
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2 Related Works62

Learning Bimanual Mobile Manipulation Bimanual mobile manipulation requires learning co-63

ordinated whole-body motion. Prior works have addressed bimanual coordination by decomposing64

roles [4] or modeling inter-arm interactions [5, 6, 7], while mobile manipulation approaches often65

decouple whole-body coordination from policy learning [8, 9, 10]. Most recent bimanual mobile ma-66

nipulation works address both via co-training with fixed-base data [11, 12] or introducing specialized67

architectures [13, 14]. However, these approaches typically rely on a single frame representation,68

which may be insufficient when coordination requirements shift throughout task progression.69

Multi-Frame Reasoning for Manipulation Manipulation policies benefit from multi-frame rea-70

soning as different decisions are most naturally expressed in distinct coordinate systems [15]. Earlier71

task-parameterized methods address this by composing multiple local frames via generalized weight-72

ing [16] or time-varying relevance estimation [3]. Subsequent learning-based works introduce73

adaptive frame selection in point-cloud policies [2] and frame-based interfaces in hierarchical con-74

trol [17, 18]. In parallel, recent bimanual manipulation works adopt relation-centric representations to75

encode hand-object and arm-arm geometries [19, 20, 7]. These studies motivate the adaptive fusion76

of frame-specialized experts, as optimal frames vary by subproblem.77

Mixture-of-Experts for Manipulation Mixture-of-Experts (MoE) [21, 22] enables modular ex-78

perts to capture diverse local behaviors more effectively than monolithic policies in robot learn-79

ing [23, 24]. Within diffusion policies [1], existing methods typically partition experts along behav-80

ioral dimensions such as task identity [25, 26], skill abstraction [27, 28], and execution phases [29],81

or architectural components such as denoising stages [30], action modes [31], and sensing modali-82

ties [32]. We instead formulate MoE over coordinate frames, addressing the underexplored challenge83

of multi-frame reasoning through the adaptive fusion of frame-specific action representations.84

3 Method85

We present Mixture of Frames (MoF) Policy, a diffusion policy that denoises a single action86

trajectory through multiple coordinate-frame parameterizations. In this section, we first present the87

problem statement, then introduce a synchronized multi-frame denoising procedure, followed by a88

transformation-compatible action representation that makes this procedure exact for noisy actions.89

3.1 Problem Statement90

We consider visuomotor imitation learning for bimanual mobile manipulation with diffusion poli-91

cies [1]. At each control step, the policy receives an observation o = (I, q), where I denotes RGB92

images and q denotes proprioception. The policy predicts an action chunk a ∈ Rτ×d over horizon τ .93

In our setting, each action timestep contains the target poses of the left and right end-effectors and the94

gripper commands. These end-effector targets are tracked by a whole-body controller for execution.95

We denote F = {Fm} as a family of task-relevant coordinate frames, including but not limited to the96

left and right end-effector frames Fl and Fr, and the base frame Fb. Given proprioception, the rigid97

transforms from any frame m to another frame m′, m
′
Tm ∈ SE(3), are known.98

In standard diffusion policies, the designer fixes a reference action frame F ⋆ ∈ F , and both training99

targets and denoising predictions are represented in this frame. For example, prior works have used100

the world frame [1, 33, 34], the end-effector frame [35, 36], or the left-hand frame [14]. However, it is101

unclear which single fixed F ⋆ is universally best for bimanual mobile manipulation. This motivates a102

policy that maintains multiple frame-specialized denoisers and combines their predictions adaptively.103

3.2 Consistent Multi-Frame Denoising104

A straightforward way to use multiple frame-specialized denoisers (i.e., experts) would be to run105

an independent diffusion process in each frame and fuse the final denoised actions. However,106
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Figure 2: MoF Architecture. At each diffusion step, MoF maintains a noisy action in the canonical
frame. This noisy action is re-expressed in each expert’s frame, and all experts predict noise in their
native frame. The predicted noise vectors are then transformed back to the canonical frame and fused
using either router-predicted weights or fixed uniform weights. The fused noise prediction is used by
a standard denoising step, keeping all frame experts synchronized along the same diffusion trajectory.
Left: to enable frame change for noisy actions, we employ a column-vector action representation
where frame transform can be achieved without orthogonalization, preserving the noisy action state.

this is problematic with multimodal action distributions, as different denoisers may converge to107

different modes, making their final action predictions incompatible. Instead, MoF keeps all experts108

synchronized by maintaining a single diffusion trajectory in a canonical frame and fusing predictions109

at every denoising step, as shown in Fig. 2.110

Specifically, let Fc denote the canonical frame in which the scheduler state xk
c is stored. For each111

frame Fm ∈ F , we transform the canonical-frame noisy action sample xk
c into the expert frame112

via mTc(·), feed it to a frame-specialized denoiser ϵθm, transform the predicted noise back to the113

canonical frame using cTm(·), and fuse the aligned predictions:114

ϵ̂c =
∑

Fm∈F
wm

cTm

(
ϵθm

(
mTc(xk

c ), o; k
))

. (1)

Here, both T and T are induced by the rigid transform between Fc and Fm, and their concrete115

definitions are given in Sec. 3.3. wm is the weight for the denoiser in frame m, which can be either116

set by the designer or learned through a router, with
∑

m wm = 1. This synchronized update has117

two benefits. First, all experts contribute to the same underlying diffusion trajectory, avoiding the118

mode-mismatch problem. Second, because fusion occurs in the canonical noise space, the diffusion119

scheduler remains unchanged: MoF can be implemented on top of a standard DDIM sampler by120

replacing the single noise prediction with the fused multi-frame prediction ϵ̂c.121

Training follows the same principle. We sample a canonical-frame action x0
c = a, noise ϵc ∼ N (0, I),122

and diffusion step k, construct xk
c the same way as standard Diffusion Policy, and train the fused123

canonical prediction to match the canonical noise:124

Lmix(θ) = Ek,ϵc,o

∥∥∥∥∥ϵc − ∑
Fm∈F

wm
cTm

(
ϵθm

(
mTc(xk

c ), o; k
))∥∥∥∥∥

2
 . (2)

Thus, the training target remains the standard diffusion noise in the canonical frame, while each125

expert learns to denoise the same underlying noisy action expressed in its own frame.126

3.3 Transformation-Compatible Action Representation127

The synchronized denoising procedure in Sec. 3.2 requires frame transformations to be applied128

directly to intermediate diffusion states, whose rotation channels generally do not form a valid element129

of SO(3). This poses a challenge for the row-vector 6D rotation representation used in standard130

Diffusion Policy implementations, which stores the first two rows of the rotation matrix. Changing131

frames under this representation requires reconstructing a valid rotation matrix via orthogonalization132

before applying the transform. This projection is nonlinear and lossy: it replaces the noisy rotation133

channels with a projected rotation, thereby changing the diffusion state itself.134
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Figure 3: Simulation Tasks. Nine tasks from BiGym [37] (top) and DexMimicGen [38] (bottom).

Table 1: Single-frame DP baselines (%, mean ± std. err. over 3 seeds). Oracle selects the best frame
per task (bold). Worst selects the worst per task, with parenthetical values denoting Worst − Oracle.
Frame Avg Flip Cup Move 2 Plates Kitchenware Flip Sandwich Dishwasher Threading 3 Piece Assembly Box Cleanup Drawer Cleanup

Left 55.6 47.3 ± 1.0 44.5 ± 3.1 29.2 ± 3.5 36.1 ± 3.3 78.8 ± 2.5 43.9 ± 4.4 51.5 ± 6.8 92.4 ± 1.2 76.8 ± 1.7
Right 55.0 45.1 ± 1.9 47.2 ± 1.7 22.5 ± 0.7 34.3 ± 1.6 83.1 ± 0.5 34.7 ± 3.5 69.1 ± 2.9 79.9 ± 7.2 79.6 ± 1.5
Base 61.0 53.9 ± 2.9 29.7 ± 0.1 31.2 ± 2.6 35.5 ± 0.3 84.1 ± 1.6 62.3 ± 3.0 76.3 ± 0.5 86.1 ± 6.3 90.1 ± 1.0
Rel Traj 55.8 42.0 ± 2.1 32.1 ± 2.6 26.1 ± 1.9 25.5 ± 3.2 76.4 ± 0.6 63.1 ± 0.7 73.7 ± 2.3 80.0 ± 2.3 83.5 ± 1.0

Oracle 63.8 53.9 47.2 31.2 36.1 84.1 63.1 76.3 92.4 90.1
Worst 48.8 (-15.0) 42.0 (-11.9) 29.7 (-17.5) 22.5 (-8.7) 25.5 (-10.6) 76.4 (-7.7) 34.7 (-28.4) 51.5 (-24.8) 79.9 (-12.5) 76.8 (-13.3)

We instead use a column-vector rotation representation. For one robot arm at one action timestep,135

the pose/action channels expressed in the canonical frame Fc are xc = [pc, c
1
c , c

2
c , g], where pc ∈ R3136

is the end-effector position, c1c , c
2
c ∈ R3 are the first two columns of the end-effector orientation,137

and g is the gripper command. For a clean end-effector orientation, let cRee = [c1c , c
2
c , c

3
c ] denote138

the rotation from the end-effector frame to the canonical frame. Re-expressing the same orientation139

in an expert frame Fm uses the known frame-change rotation mRc, giving mRee = mRc
cRee =140

[mRcc
1
c ,

mRcc
2
c ,

mRcc
3
c ]. Thus, each stored column transforms as cim = mRcc

i
c. This operation is141

well-defined even when c1c and c2c are arbitrary noisy vectors rather than columns of a valid rotation142

matrix. Therefore, changing action frames only requires left-multiplying ordinary 3D vectors by the143

frame-change rotation mRc, without projecting onto SO(3), as illustrated in Fig. 2 left.144

Let mTc denote the rigid transform from the canonical frame Fc to an expert frame Fm. This145

transform induces the action-state operator mTc and the noise-vector operator mTc used in Eq. (1).146

Their explicit definitions differ only in whether the translation offset is applied to position channels147

and are provided in Appendix B.1. With this representation, MoF can transform noisy action states148

and predicted noise vectors across frames without projecting noisy rotations back onto SO(3).149

4 Simulation Experiments150

Our simulation experiments aim to answer the following questions:151

Q1. How much does the choice of action frame affect diffusion-policy performance?152

Q2. Can MoF match the best single-frame policy and outperform existing baselines?153

Q3. Which components of MoF are responsible for the performance improvement?154

We evaluate MoF on nine tasks across BiGym [37] (FlipCup, Move2Plates, Kitchenware, FlipSand-155

wich, Dishwasher) and DexMimicGen [38] (Threading, 3PieceAssembly, BoxCleanup, Drawer-156

Cleanup). All policies are trained for 500 epochs with 100 demonstrations and three random seeds.157

For each seed, we evaluate five checkpoints from epochs 460–500 at 10-epoch intervals using 50158

episodes each. We report the mean success rate (%) and standard error. See Appendix C for details.159

Q1. Evaluation of Frame Choice We first ask whether action-frame choice is an important design160

decision for diffusion policies, and whether a single hand-designed frame is sufficient across tasks.161
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Table 2: MoF vs. baselines: last-5 success rate (%, mean ± std. err. over 3 seeds). Bold indicates
best, underline indicates second.
Method Avg Flip Cup Move 2 Plates Kitchenware Flip Sandwich Dishwasher Threading 3 Piece Assembly Box Cleanup Drawer Cleanup

MoF MoE (Ours) 66.8 56.5 ± 1.4 51.6 ± 4.4 31.6 ± 2.4 40.0 ± 3.1 89.2 ± 3.9 70.8 ± 7.5 77.3 ± 2.0 87.1 ± 3.2 96.9 ± 0.7
MoF Ens. (Ours) 65.9 59.2 ± 0.4 51.5 ± 1.5 33.7 ± 0.5 43.2 ± 2.0 89.7 ± 1.4 68.7 ± 3.3 76.0 ± 1.3 77.5 ± 5.2 93.3 ± 2.9
Oracle Frame 63.8 53.9 ± 2.9 47.2 ± 1.7 31.2 ± 2.6 36.1 ± 3.3 84.1 ± 1.6 63.1 ± 0.7 76.3 ± 0.5 92.4 ± 1.2 90.1 ± 1.0
Single-Frame Ens. 55.9 46.4 ± 3.6 31.2 ± 2.7 25.9 ± 3.1 31.2 ± 2.8 74.5 ± 3.6 69.7 ± 2.2 75.7 ± 1.7 66.5 ± 3.7 81.7 ± 2.7
MoE-DP 55.1 32.9 ± 3.8 27.9 ± 1.7 18.7 ± 0.8 29.9 ± 2.0 72.7 ± 0.9 72.5 ± 5.2 73.5 ± 2.6 74.7 ± 6.0 93.5 ± 1.9
DP 50.3 17.2 ± 2.8 38.5 ± 0.4 22.0 ± 1.6 32.5 ± 3.1 61.5 ± 2.1 47.9 ± 1.9 66.7 ± 1.5 73.3 ± 8.9 92.9 ± 0.9

To answer this, we train single-frame diffusion policies whose action representation is fixed to one162

of the four candidate expert parameterizations used by MoF (See Appendix A.1 for details): left163

end-effector, right end-effector, base-relative, and per-arm relative-trajectory. We also report two164

aggregate references. Oracle Frame selects the best single frame for each task after evaluation and165

therefore represents the best possible task-level frame selection among our candidates. Worst Frame166

selects the worst single frame for each task, quantifying the cost of an unfavorable frame choice.167

Table 1 shows that action frame selection has a large and task-dependent impact on diffusion policy168

performance. Among the individual frames, the base frame obtains the highest average success rate,169

but it is not uniformly best across tasks. It performs well on five tasks, while the left frame is best170

on two tasks, the right frame and the relative trajectory frame are each best on one task. The gap171

between the oracle and worst frame further quantifies this sensitivity. On average, the worst frame is172

15%p below the oracle frame. These results confirm that no single hand-designed frame consistently173

captures the easiest action distribution across all bimanual manipulation tasks.174

Q2. Comparison of MoF and Baselines We next ask whether our method improves over single-175

frame baselines that do not reason over action frames. We evaluate two variants of MoF. MoF-MoE,176

shown in Fig. 2, uses a router conditioned on the diffuser-conditioning embedding to predict the expert177

weights wm. MoF-Ensemble removes the learned router and uses uniform weights, wm = 1/|F|,178

effectively averaging the aligned predictions from all frame experts. We compare MoF-MoE and MoF-179

Ensemble with four baselines. Oracle Frame is the strongest single-frame reference from Table 1.180

Comparing against it tests whether MoF automates frame selection or potentially does more than181

that. DP [1] is the standard Diffusion Policy trained in a single world-frame action representation,182

measuring improvement over the conventional design. MoE-DP [29] uses a mixture-of-experts183

module in the conditioning pathway of DP, but still denoises actions in a single action representation.184

Comparing against it tests whether the gains come from frame-level denoising rather than a generic185

MoE architecture. Single-Frame Ensemble averages four diffusers operating in the same coordinate186

frame, validating whether the gains come merely from ensembling multiple denoisers.187
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Figure 4: Router Weight Trajectories
on Threading. For each of the four
MoF-MoE experts, faint lines show the
per-episode router weight as a function
of task progression, and bold lines show
the 20-episode mean.

Table 2 shows that both MoF variants outperform the188

single-frame baselines on average. MoF-MoE achieves an189

average success rate of 66.8%, improving over MoE-DP190

by 11.7 percentage points and over standard DP by 16.5191

percentage points. MoF-Ensemble achieves a similar aver-192

age success rate of 65.9%, while the same-frame Ensemble193

baseline performs substantially worse. This indicates that194

multi-frame denoising, rather than simply using multiple195

diffusers, is the main source of improvement.196

MoF also matches or outperforms Oracle Frame on most197

tasks. The largest improvement is on Threading (+7.7198

points). To probe where this gain comes from, we run the199

trained MoF-MoE policy over 20 training demonstrations200

and record the router’s expert weights at each denoising201

step. Fig. 4 plots these weights, averaged over the last 4202

denoising steps, as a function of task progression. The203

rel-traj expert is the dominant frame during the first part of the episode, where each gripper reaches204
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Figure 5: Pouring Task. (a) Our MoF policy rollout, (b) average router weights across successful
rollouts relative to task progression, (c) evaluation configurations with different cup locations and
color combinations, (d) overall performance, and (e) failure cases of each single-frame baseline.

the two objects, a motion that is naturally compact in an arm-centric frame. The base-relative expert205

takes over for the second part, during the coordinated bimanual insertion that requires consistent206

reasoning across both arms. This phase-dependent frame usage is not available to any single-frame207

baseline, and is consistent with MoF-MoE exceeding even Oracle Frame on this task. See Appendix D208

for more router analysis.209

Table 3: Ablation avg.
over four tasks. Paren-
theses denote differences
from ours.

Method Avg

MoF MoE (Ours) 66.5
Rel Traj as Canonical 64.0 (−2.5)
Left as Canonical 65.8 (−0.7)
Right as Canonical 66.4 (−0.1)
w/o Best Frame 60.3 (−6.2)
w/ Ortho Proj 59.5 (−7.0)

MoF Ensemble (Ours) 64.2
w/ Ortho Proj 0.0 (−64.2)

Q3. Ablation Study Finally, we ablate MoF design choices on210

four representative tasks: FlipCup, Move2Plates, Threading, and Box-211

Cleanup. Table 3 shows the average success rates. Changing the canoni-212

cal frame has only a modest effect, with the largest drop being 2.5 points,213

suggesting that MoF is robust to the arbitrary choice of canonical frame.214

In contrast, removing the best-performing single frame from the expert215

set reduces performance by 6.2 points, indicating that the expert frame216

set is not redundant. Applying orthogonalization before frame transfor-217

mation reduces MoF-MoE by 7.0 points and collapses MoF-Ensemble218

to 0.0%, validating the need for the transformation-compatible action219

representation in Sec. 3.3. See Appendix E for full results.220

5 Real World Experiments221

Setup Our real-world experiments study how multi-frame fusion improves robustness over single-222

frame policies in bimanual mobile manipulation. Specifically, our tasks require dynamic switching223

between multi-frame reasoning modes: global navigation, bimanual coordination, and decoupled224

manipulation. We integrate MoF-MoE into the HoMMI [14] real-world framework. As the HoMMI225

data collection interface lacks base frame tracking, our MoF-MoE policy uses three experts—the226

left, right, and relative-trajectory experts—and we compare it against the corresponding single-frame227

baselines. For each task, we evaluate each method over 20 rollouts with different initial configurations228

and report task success rates. See Appendix F for details and deeper analysis of results.229

Pouring Task As shown in Fig. 5, the robot must approach and pick up two cups, pour a cube230

from the right to the left cup, and place both upright on the table. This requires transitioning between231

local end-effector-centric reasoning for precise pick-and-place and tight bimanual coordination for232

pouring. Each policy is trained on 257 demonstrations and evaluated in 20 rollouts across 5 color233

combinations (3 seen, 2 unseen) and 4 cup placements. Our MoF-MoE achieves 85% success, with234

only 3 failures in picking up (1 left, 2 right). Router analysis reveals Left and Rel Traj alternating235
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Figure 6: Serving Task. (a) Our MoF policy rollout, (b) average router weights across successful
rollouts relative to task progression, (c) evaluation configurations with varying table distances and
seen/unseen plate colors, (d) overall performance, and (e) failure cases of each single-frame baseline.

during pick-and-place, with Left dominating during pouring as the static left cup provides a more236

stable reference than the moving right arm. Single-frame baselines fail at distinct phases: (1) Left237

(15%) misses right cup pickup and fails during pouring. (2) Right (70%) fails left cup pickup and238

placement. (3) Rel Traj (5%) struggles with left cup pickup or pouring due to unstable grasp poses.239

Serving Task As shown in Fig. 6, the robot must navigate while balancing a plate, grasp a cup, and240

place it upright on the table. This requires stable single-arm transport of the plate during approach,241

transitioning to bimanual coordination for grasping and local end-effector-centric reasoning for242

placement. Each policy is trained on 177 demonstrations and evaluated in 20 rollouts across 3 plate243

colors (1 seen, 2 unseen) and varying table distances. Our MoF-MoE achieves 70% success, with four244

grasping failures and two placement failures. Router weights show Left consistently dominating245

while Right remains the lowest, indicating that reasoning relative to the stably held plate is optimal246

throughout the task. Conversely, single-frame baselines exhibit distinct failure modes: (1) Left247

(55%) causes the cup to shift on the plate over extended navigation distances, resulting in grasp248

failures. (2) Right (0%) exhibits highly unstable navigation, failing even to approach the grasp phase.249

(3) Rel Traj (60%) navigates stably but lacks bimanual coordination during the grasping phase.250

6 Conclusion251

We present Mixture of Frames Policy (MoF), a diffusion-policy framework for denoising actions252

across multiple coordinate-frame parameterizations. Our experiments show that action-frame choice253

has a substantial and task-dependent effect on diffusion-policy performance, and that fusing frame-254

specialized denoisers improves over baselines including oracle task-level frame selection.255

7 Limitations256

This work has several limitations. First, while theoretically adaptable to larger vision-language-257

action (VLA) models, our current experiments focus on smaller diffusion policies. Scaling to VLA258

backbones remains an important future direction. Second, the router is supervised solely via denoising259

loss, which might not strictly correspond to policy performance. Future work could explore behavior-260

aware objectives that directly optimize execution quality. Third, MoF relies on a designer-specified261

set of candidate frames and accurate frame transformations from robot proprioception. Future work262

could investigate learning or automatically discovering task-relevant frames and study how frame263

uncertainty affects multi-frame denoising in real-world deployment.264
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A Implementation Details380

A.1 Expert Action Parameterizations381

We instantiate MoF with four experts that capture complementary action structures in bimanual mobile382

manipulation: left, right, base-relative (base), and per-arm relative-trajectory (rel traj). The left and383

right experts use the corresponding end-effector frame, Fl or Fr, at the most recent observation384

step. The base-relative expert Fb represents rotations and translation directions in the mobile-base385

frame, while re-centering each arm’s translation at its observation-step end-effector position. This386

preserves body- and gravity-aligned structure while reducing absolute translation variance. The387

relative-trajectory expert Frt, in contrast, represents each arm’s future motion in that arm’s own388

current end-effector frame, removing both global translation and global orientation. Thus, the base-389

relative expert keeps motions aligned with the robot body, while the relative-trajectory expert makes390

local end-effector-centric motions more compact.391

A.2 MoF-MoE and MoF-Ensemble392

We evaluate two variants of MoF. MoF-MoE, shown in Fig. 2, uses a router conditioned on the393

diffuser-conditioning embedding to predict the expert weights wm. MoF-Ensemble removes the394

learned router and uses uniform weights, wm = 1/|F|, effectively averaging the aligned predictions395

from all frame experts.396

A.3 Per-Expert Auxiliary Loss397

The mixed objective Lmix supervises only the fused canonical-frame prediction, so experts with small398

router weights may receive weak gradients. We therefore add a per-expert auxiliary denoising loss that399

directly supervises each expert in its own frame. The final training objective is L = Lmix+λauxLaux.400

The full objective is given in Appendix B.3.401

B Additional Method Details402

B.1 Frame Transformation Operators403

Here we provide the explicit transformation operators used in Eq. (1). Let mTc = (mRc,
mtc) denote404

the rigid transform from the canonical frame Fc to an expert frame Fm. For one arm at one action405

timestep, the canonical-frame action channels are xc = [pc, c
1
c , c

2
c , g], where pc is the end-effector406

position, c1c , c
2
c are the first two rotation columns, and g is the gripper command.407

The action-state transformation mTc is applied to noisy action states. For each arm and timestep, it408

maps pc 7→ mRcpc +
mtc, cic 7→ mRcc

i
c, and g 7→ g. Equivalently, for the vectorized action chunk,409

mTc(xc) =
mAcxc +

mbc, where mAc applies mRc to every position and rotation-column channel410

and leaves gripper channels unchanged, while mbc inserts the translation mtc only into the position411

channels.412

The denoiser output has the same channel layout, ϵc = [∆pc,∆c1c ,∆c2c ,∆g], but represents a413

noise vector in the diffusion action space rather than an absolute pose. Therefore, we use the414

associated linear operator mTc, defined as mTc(ϵc) = mAcϵc. Equivalently, ∆pc 7→ mRc∆pc,415

∆cic 7→ mRc∆cic, and ∆g 7→ ∆g. The inverse operators cTm and cTm are defined analogously using416

the inverse rigid transform cTm = (mTc)
−1.417

B.2 Frame-specific Conditioning418

All experts share the same visual features, since RGB observations are not tied to a particular action419

frame. In contrast, proprioceptive inputs such as end-effector poses and gripper states are transformed420

into each expert’s action parameterization before being provided to that expert. The base-relative and421

relative-trajectory experts share the same base-frame proprioceptive features.422
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Figure 7: Difference Between MoE-DP and Our Method. (a) MoE-DP introduces mixture-of-
experts structure in the conditioning pathway, but the diffusion process still denoises actions in
a single action representation. (b) MoF instead places the mixture structure directly over frame-
specialized denoisers: each expert denoises the same underlying action state expressed in a different
coordinate frame. Thus, MoF performs mixture-of-experts reasoning over action frames rather than
over conditioning features.

B.3 Per-Expert Auxiliary Loss423

The mixed objective Lmix supervises only the fused canonical-frame prediction. When the router424

assigns a small weight to an expert, that expert may receive weak gradients from the mixed loss425

and drift away from being a meaningful denoiser in its own frame. To stabilize training, we add a426

per-expert auxiliary loss that directly supervises each expert against the diffusion noise expressed in427

its own frame.428

Given a canonical-frame noisy action xk
c and canonical-frame diffusion noise ϵc, expert m receives429

mTc(xk
c ) and predicts noise in frame Fm. The corresponding target is the transformed noise mTc(ϵc).430

The auxiliary loss is431

Laux(θ) = Ek,ϵc,o

[ ∑
Fm∈F

∥∥mTc(ϵc)− ϵθm(mTc(xk
c ), o; k)

∥∥2] .

The final training objective is L = Lmix+λauxLaux. This auxiliary term is used only during training;432

inference uses the fused noise prediction in Eq. (1).433

B.4 Difference Between MoE-DP and MoF434

Fig. 7 illustrates the difference between a standard mixture-of-experts diffusion-policy baseline435

and our multi-frame denoising formulation. In MoE-DP, the mixture structure is applied to the436

conditioning pathway: multiple experts process the observation or conditioning features, their outputs437

are fused, and a single diffuser denoises actions in one fixed action representation. Therefore, although438

MoE-DP increases model capacity and allows input-dependent conditioning, the diffusion process439

itself still operates in a single coordinate frame.440

MoF instead places the mixture structure directly over the denoising process. At each diffusion step,441

the same canonical noisy action is re-expressed in multiple expert frames, each expert predicts noise442

in its own action representation, and the predicted noises are transformed back to the canonical frame443

before fusion. Thus, the experts in MoF are not merely alternative conditioning modules; they are444

frame-specialized denoisers that operate on different coordinate-frame parameterizations of the same445

underlying action state. This distinction is important for our experiments: the comparison against446
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MoE-DP tests whether the gains come from synchronized multi-frame action denoising rather than447

from adding a generic MoE module.448

C Simulation Details449

This section provides the full implementation details for our simulation experiments.450

C.1 Benchmarks and Demonstration Data451

We evaluate on nine bimanual tasks spanning two benchmarks. Five tasks use the BiGym [37]452

mobile-manipulation benchmark with the RBY1 bimanual mobile manipulator (Flip Cup, Move 2453

Plates, Kitchenware, Flip Sandwich, Dishwasher), and four tasks use the DexMimicGen [38] tabletop454

benchmark (Threading, 3 Piece Assembly, Box Cleanup, Drawer Cleanup).455

For both benchmarks, we generate training data by implementing the DexMimicGen [38] data-456

generation algorithm and extending it to the mobile-manipulation setting when needed. We collect457

100 demonstrations per task for all nine tasks. We follow the task-specific camera configuration458

defined in each benchmark: two wrist cameras combined with an egocentric head view for the BiGym459

RBY1 tasks, and two wrist cameras combined with a third-person view for the DexMimicGen tasks.460

C.2 Observation and Action Space461

All policies share the same observation space and use a common action layout that differs only in462

the gripper/hand command. The visual observation consists of three RGB camera images (two wrist463

views and one egocentric/third-person view), each rendered at 84× 84. All images are preprocessed464

to 76 × 76 before being passed to the vision encoder; during training we apply a random crop,465

and at test time a center crop. The low-dimensional observation consists of the two end-effector466

poses, the proprioceptive gripper/hand state, and the base/head pose; these proprioceptive inputs are467

re-expressed in each expert’s action parameterization before being given to that expert. We use an468

observation horizon of 2 steps.469

Each arm contributes a 3D end-effector position and a 6D rotation representation (the first two470

columns of the rotation matrix). The five BiGym tasks and the two parallel-jaw DexMimicGen tasks471

(Threading, 3 Piece Assembly) use a single parallel-jaw gripper per arm, giving a 20-dimensional472

action (9 per arm plus one gripper command per arm) and a 2-dimensional gripper proprioception.473

The two dexterous-hand DexMimicGen tasks (Box Cleanup, Drawer Cleanup) instead use a 6-DoF474

multi-finger hand per arm, giving a 30-dimensional action (9 pose channels plus 6 finger-joint475

commands per arm) and a 24-dimensional hand proprioception (12 joints per hand). The MoF frame476

transformations act only on the per-arm position and rotation channels and leave the gripper/finger477

channels unchanged, so the same multi-frame denoising procedure applies to both the 20- and 30-478

dimensional actions. Policies predict an action chunk of horizon 16 and execute the first 8 predicted479

actions before re-planning.480

C.3 Training Hyperparameters481

All policies (MoF and all baselines) share the same diffusion backbone, vision encoder, optimizer,482

and training schedule; they differ only in the action parameterization and in the method-specific483

modules described below.484

We use the standard Diffusion Policy [1] conditional 1D U-Net as the denoiser, conditioned on485

the observation embedding through FiLM. The U-Net uses channel dimensions [256, 512, 1024],486

a diffusion-step embedding of dimension 128, a convolution kernel size of 5, and 8 GroupNorm487

groups. The vision encoder is a ResNet-18, pretrained on ImageNet and fine-tuned end-to-end, with488

spatial-softmax feature aggregation and GroupNorm; we do not share the encoder across the three489

cameras. Images are preprocessed to 76× 76, with a random crop during training and a center crop490

at test time. We use an observation horizon of 2 steps, predict an action chunk of horizon 16, and491
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execute the first 8 actions before re-planning. The diffusion process uses a DDIM [39] scheduler with492

50 training timesteps and 16 inference timesteps.493

We optimize all policies with AdamW using a learning rate of 1× 10−4, weight decay of 1× 10−6,494

and (β1, β2) = (0.95, 0.999). The learning rate follows a cosine schedule with 500 warmup steps.495

We train with a batch size of 128 for 500 epochs.496

C.4 MoF Hyperparameters497

MoF augments the shared backbone with four frame experts and a learned router (for MoF-MoE). The498

expert set is {base-relative, left, right, rel-traj}, and the base-relative frame is used as the canonical499

frame Fc for the synchronized denoising trajectory. MoF-MoE uses an MLP router with hidden500

dimension 512 that takes the diffuser-conditioning embedding together with the diffusion-step501

embedding and outputs a softmax distribution over the four experts. MoF-Ensemble replaces the502

router with fixed uniform weights wm = 1/|F| = 1/4. Both variants use the per-expert auxiliary503

denoising loss of Appendix B.3 with weight λaux = 1.504

C.5 Evaluation Protocol505

Each policy is trained for 500 epochs with three random seeds. For each seed, we evaluate five506

checkpoints from epochs 460–500 at 10-epoch intervals, using 50 rollout episodes per checkpoint.507

We report the mean success rate over the five checkpoints and three seeds, together with the standard508

error across the three seeds. Rollout initial configurations use a held-out seed range disjoint from the509

training demonstrations.510

D Router Analysis511

We analyze the learned MoF-MoE router across all nine simulation tasks. For each task we load the512

trained MoF-MoE policy and run it open-loop on 20 training demonstrations, recording the router’s513

four-expert weight vector at every observation window and every reverse-diffusion step. Throughout514

this section we focus on the late denoising phase, i.e., the per-window weight vector averaged over515

the last 4 of the 16 reverse-diffusion steps. We restrict attention to these clean steps because the516

router is essentially observation-independent during the high-noise steps (where the action is close to517

Gaussian noise and provides little signal), and only develops state-dependent structure as the action518

sharpens.519

D.1 Within-Episode Router Trajectories for All Tasks520

Fig. 8 shows the router-weight trajectories for all nine tasks, overlaid with head-camera observations521

at sampled task progressions. The trajectories vary substantially across tasks in both their static frame522

preference and their within-episode dynamics. Threading and Drawer Cleanup show the clearest523

within-episode handoff: the rel-traj expert dominates the early phase, where each arm independently524

reaches and grasps its object, and the base expert takes over for the later contact-rich phase that525

requires coordinated bimanual motion. Flip Sandwich and Kitchenware keep the rel-traj expert on526

top throughout with only mild drift, while 3 Piece Assembly, Dishwasher, and Move 2 Plates retain a527

base-dominated soft mixture. Box Cleanup is an outlier: all four expert weights cluster tightly near528

0.25 across all phases, indicating a near-uniform router that does not specialize to any frame or phase.529

Flip Cup is notable in the opposite way: the relative ordering of experts is inverted from the other530

tasks, with the rel-traj expert always on top and the base expert always at the bottom.531

Reading the router trajectories together with the observation frames suggests that the within-episode532

router dynamics track the visible phase structure of each task. On the tasks with the largest within-533

episode modulation, the shift from the rel-traj to the base expert coincides with the transition from534

independent, arm-centric reaching, which is most compact in each arm’s own trajectory frame, to535

coordinated bimanual manipulation, which is most naturally expressed in the shared body frame. This536
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Figure 8: Router weight trajectories for all nine tasks (20 demonstrations each), with camera
observations at sampled task progressions. For each task, faint lines show the per-episode router
weight for each of the four experts (averaged over the last 4 of 16 denoising steps) versus task
progression, and bold lines show the across-episode mean; the dotted line at 0.25 marks the uniform-
weight reference. Below each panel, camera observations from the demonstration whose router
trajectory is closest to the across-episode mean are shown at task progressions 0.1, 0.3, 0.5, 0.7, 0.9.

phase-aligned routing is most pronounced precisely on the tasks where MoF-MoE most improves537

over Oracle Frame (Appendix D.2), and is essentially absent on Box Cleanup, whose near-uniform538

router cannot exploit such structure. Taken together, this indicates that the learned router contributes539

most when a task progresses through phases that favor different action frames, and that its advantage540

over a fixed mixture is small when no such phase structure is present.541

D.2 Router Modulation Amplitude vs. MoF-MoE Advantage over Oracle Frame542

To quantify the within-episode modulation observed in Fig. 8, we summarize each task by a single543

scalar that we call the router modulation amplitude. We partition each episode’s windows into 10544

within-episode time bins, compute the mean late-phase weight per expert per bin, take the standard545

deviation of each expert’s binned-mean weight across the 10 bins, and average over the four experts.546

Intuitively, this scalar measures how much each expert’s weight typically swings over the course of547

an episode.548

Fig. 9 plots the router modulation amplitude against MoF-MoE’s per-task advantage over Oracle549

Frame. The two quantities are positively correlated across tasks (Spearman ρ = +0.75, p = 0.020,550

n = 9). The two tasks with the largest router modulation, Threading and Drawer Cleanup, are also551

the tasks where MoF-MoE most improves over the best single frame (+7.7 and +6.8 points). At the552
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Figure 9: Router modulation amplitude vs. MoF-MoE advantage over Oracle Frame. Each
point is one task. The x-axis is the within-episode standard deviation of each expert’s binned-mean
weight, averaged over the four experts. The y-axis is the difference between MoF-MoE’s and Oracle
Frame’s last-5 success rate. The orange marker (Box Cleanup) is the only task where MoF-MoE
underperforms Oracle Frame and is also the task with the smallest router modulation amplitude.
Spearman ρ = +0.75, p = 0.020, n = 9.

other end of the spectrum, Box Cleanup has the smallest router modulation amplitude—its router553

is close to uniform throughout each episode—and is the only task where MoF-MoE underperforms554

Oracle Frame. Move 2 Plates, Dishwasher, Flip Sandwich, and Flip Cup fall in between on both axes.555

This relationship suggests that MoF-MoE’s advantage over the best single frame stems primarily556

from its ability to assign different frames to different task phases, rather than from a static preference557

for any one frame: where the router does not change appreciably within an episode, the benefit of558

routing over a fixed mixture is small or, in the case of Box Cleanup, negative.559

E Ablation Study Details560

We provide the full ablation results for the four representative tasks used in Sec. 4: FlipCup,561

Move2Plates, Threading, and BoxCleanup. These tasks cover both BiGym and DexMimicGen562

environments and include settings where different action parameterizations are favored. Parenthetical563

values denote differences from the corresponding baseline: MoF-MoE for MoE variants and MoF-564

Ensemble for the ensemble variant.565

Table 4: Full ablation study for MoF. Last-5 success rate (%, mean ± std. err. over 3 seeds).
Parenthetical values denote differences from the corresponding baseline.

Method Avg Flip Cup Move 2 Plates Threading Box Cleanup

MoF MoE (Ours) 66.5 56.5 ± 1.4 51.6 ± 4.4 70.8 ± 7.5 87.1 ± 3.2

Rel Traj as Canonical 64.0 (−2.5) 56.8 ± 3.6 (+0.3) 45.9 ± 3.3 (−5.7) 67.6 ± 2.6 (−3.2) 85.7 ± 5.3 (−1.4)
Left as Canonical 65.8 (−0.7) 56.8 ± 2.0 (+0.3) 51.3 ± 3.8 (−0.3) 67.6 ± 1.2 (−3.2) 87.6 ± 6.2 (+0.5)
Right as Canonical 66.4 (−0.1) 55.3 ± 2.6 (−1.2) 54.7 ± 6.1 (+3.1) 71.3 ± 2.2 (+0.5) 84.3 ± 1.4 (−2.8)

w/o Best Frame 60.3 (−6.2) 54.9 ± 2.9 (−1.6) 45.1 ± 5.3 (−6.5) 63.2 ± 5.0 (−7.6) 77.9 ± 8.6 (−9.2)
w/o Aux 58.5 (−8.0) 45.5 ± 2.9 (−11.0) 30.8 ± 0.9 (−20.8) 70.3 ± 6.1 (−0.5) 87.5 ± 5.3 (+0.4)
w/ Ortho Proj 59.5 (−7.0) 49.2 ± 2.1 (−7.3) 38.4 ± 3.8 (−13.2) 64.4 ± 8.9 (−6.4) 85.9 ± 1.4 (−1.2)

MoF Ensemble (Ours) 64.2 59.2 ± 0.4 51.5 ± 1.5 68.7 ± 3.3 77.5 ± 5.2

w/ Ortho Proj 0.0 (−64.2) 0.0 ± 0.0 (−59.2) 0.0 ± 0.0 (−51.5) 0.0 ± 0.0 (−68.7) 0.0 ± 0.0 (−77.5)

Changing the canonical frame has only a modest effect. Using relative-trajectory, left, or right as the566

canonical frame changes the average success rate by at most 2.5 percentage points, suggesting that567
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MoF is not sensitive to the arbitrary choice of scheduler frame. Removing the best-performing single568

frame from the expert set reduces the average success rate by 6.2 percentage points, showing that569

the expert set is not redundant and that task-relevant frames contribute complementary denoising570

structure.571

The orthogonalization ablation validates the transformation-compatible action representation. When572

noisy rotation channels are projected back to SO(3) before applying frame transformations, MoF-573

MoE drops by 7.0 percentage points on average, and MoF-Ensemble collapses completely. This574

is because the orthogonalization completely destroys all non-canonical-frame experts. Although575

MoF-MoE is able to escape by assigning all weights to the canonical expert, there is no way for576

MoF-Ensemble to recover from this failure. This supports our design choice of using column-vector577

rotation channels, which can be transformed directly as ordinary 3D vectors without changing the578

noisy diffusion state.579

Finally, removing the per-expert auxiliary denoising loss reduces average performance by 8.0 per-580

centage points. This suggests that directly supervising each expert in its own frame is important for581

keeping all frame experts meaningful during training, especially when the fused loss may provide582

weak gradients to experts with small router weights.583

F Real-World Experiment Details and Analysis584

F.1 Task Definitions585

We evaluate two real-world tasks: pouring and serving. In the pouring task, the robot picks up two586

cups, transfers a red cube from the right cup to the left cup, and places both cups upright on the table.587

Success requires the cube to end in the left cup and the robot to release both cups while they remain588

upright. The initial configurations vary the ordered right/left cup-color pair and the table placement589

distance from the robot over four distance levels. The seen color pairs are (Yellow, Gray), (Yellow,590

Blue), and (Gray, Blue), while the unseen color pairs are (Blue, Purple) and (Purple, Gray). In the591

serving task, the robot navigates toward the table, picks up a cup, and places it upright on the table.592

Success requires the cup to be placed upright without falling or being released incorrectly. We vary593

the plate color and the distance between the robot’s initial base pose and the table. Purple plates are594

seen during training and are evaluated at six base-to-table distances, while Blue and Milk plates are595

unseen and are evaluated at seven distances, including one additional closest-distance setting.596

F.2 Training Details597

We integrate our MoF policy within the HoMMI [14] framework by implementing our column-vector598

SE(3) action representation and frame transformations, while keeping the HoMMI runtime interface599

unchanged. The MoF-MoE policy uses left, right, and relative-trajectory experts, with the left frame600

as the canonical frame. Since the HoMMI data collection interface does not record the base frame,601

we disable the base frame and exclude the base-relative expert. For the relative-trajectory expert,602

low-dimensional observations are therefore expressed using the left-frame observation variant. The603

head look-at action is represented as a 3D point rather than a pose, so it contains no orientation604

channel and is transformed using point-frame transformations. For the relative-trajectory expert,605

this look-at point is also expressed in the left frame. We train real-world MoF-MoE with the same606

objective as in simulation, including the mixed canonical denoising loss and the per-expert auxiliary607

denoising loss.608

All evaluated policies use a DiT-based diffusion-policy backbone. The policies use an observation609

horizon of 2, an action horizon of 32, represent rotations with 6D rotation channels, and predict610

a 23-dimensional action vector. The action vector consists of two end-effector target poses, each611

represented by a 3D position and a 6D rotation, two gripper commands, and a 3D head look-at612

point. The DDIM scheduler uses 100 training timesteps, a squared-cosine beta schedule, and epsilon613

prediction. During inference, we use 16 denoising steps. Visual preprocessing follows the training614

pipeline. Head images are resized to 224× 224, wrist images are cropped and resized to 96× 96,615
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and the pointmap branch samples 512 points from the head pointmap. Training augmentation applies616

color jitter to the head stream. For wrist streams, we apply center crop, random crop, color jitter,617

and resize. We train with a policy learning rate of 7.5 × 10−5, a visual-encoder learning rate of618

7.5× 10−6, weight decay of 10−6, a cosine learning-rate schedule, 50 warmup steps, EMA, batch619

size 16, and gradient accumulation of 2. We evaluate the epoch-500 checkpoints for serving and the620

epoch-580 checkpoints for pouring.621

F.3 Deployment Details622

We adopt the HoMMI [14] hardware setup and whole-body controller for all real-world rollouts. The623

policy server runs at 5 Hz with an action horizon of 32. The controller executes policy trajectories at624

5 Hz, while state estimation and IK run at 100 Hz. A new policy segment is requested every 3.6 s for625

serving and every 3.2 s for pouring. The controller linearly interpolates the received policy targets626

and applies a 1 Hz low-pass filter to the commands. For safety and compliance during real-world627

execution, we enable both the compliant controller and the end-effector wrench safety guard. The628

admittance controller uses zero desired wrench, translational stiffness (300, 300, 300), rotational629

stiffness (1, 1, 1), translational damping (7, 7, 7), and rotational damping (0.2, 0.2, 0.2). We use630

translation-force mode with direct force-control gains set to zero. The wrench safety guard uses631

calibrated end-effector wrench readings and latches the output when the measured force exceeds632

120 N or the measured torque exceeds 12 Nm.633

The same whole-body IK parameters are used for both serving and pouring. The interpolated Cartesian634

targets are converted into generalized joint velocities using the HoMMI differential whole-body IK635

solver. We use the daqp optimizer with a damping coefficient of 10−6 for numerical stability. The636

IK objective prioritizes accurate bimanual end-effector tracking, with equal position and orientation637

tracking weights of 10000. We regularize the robot toward a nominal torso posture with weight 200,638

while disabling nominal arm-posture regularization. To smooth the solution in velocity space, we639

penalize deviations from the current configuration with weight 10 for the joints. The mobile base640

is regularized more strongly, with both translational and rotational base components weighted by641

5000. Unlike the original HoMMI controller, we disable the center-of-mass-over-base objective,642

while keeping the relative torso–base displacement bounds at 0.15 m in both the x and y directions.643

F.4 Failure Mode Analysis644

In the pouring task, MoF-MoE achieves 85% success, with only three failures: two right-cup pickup645

failures and one left-cup pickup failure, all on seen cup-color combinations. Importantly, in all 17646

rollouts where MoF-MoE successfully picks up both cups, it completes both cube transfer and upright647

placement, suggesting that multi-frame fusion primarily improves robustness in the initial grasping648

phase while preserving reliable bimanual coordination afterward. The single-frame baselines fail in649

distinct, frame-dependent ways. The Left policy achieves only 15% success, with 12 right-cup pickup650

failures, two left-cup pickup failures, two pouring failures, and one rollout that repeatedly continues651

the pouring motion even after successful transfer. It fails on all unseen color combinations, and its652

errors are dominated by the right arm. Conversely, the Right policy achieves 70% success, but all of653

its failures are left-side failures: four left-cup pickup failures and two left-cup placement failures,654

all on seen color combinations. These left- and right-frame results suggest that when the policy is655

trained in a single end-effector frame, predictions for the opposite arm become insufficiently precise.656

The Rel Traj policy achieves only 5% success and is highly unstable during precise pickup, with 13657

left-cup pickup failures, three failures to pick up both cups, two transfer failures due to insufficient658

bimanual coordination, and one right-cup placement failure. This indicates that relative-trajectory659

actions alone are not stable enough for the fine-grained grasping required by pouring.660

In the serving task, MoF-MoE achieves 70% success, with four cup-pickup failures and two placement661

failures. One failure occurs on seen plate-color configurations and five occur on unseen plate-color662

configurations. The failures are concentrated at the closest and intermediate base-to-table distances,663

while MoF-MoE succeeds on all configurations that require longer-distance navigation, indicating664

19



stable navigation over extended approach motions. The Left policy achieves 55% success and fails665

nine times at cup pickup. More than half of these failures occur at farther-than-average base-to-table666

distances, suggesting that long-distance navigation causes the cup to shift on the plate and leads667

to subsequent pickup failure. The Right policy fails in all 20 rollouts and exhibits highly unstable668

navigation throughout, suggesting that using the right frame as the sole reference induces a wider669

and harder-to-learn action distribution for this task. The Rel Traj policy achieves 60% success, with670

all eight failures occurring during the cup-pickup phase due to insufficient bimanual coordination.671

In contrast to the Left policy, more than half of the relative-trajectory failures occur at closer-than-672

average base-to-table distances, indicating that relative-trajectory actions support stable navigation673

but do not provide the coordinated bimanual reference needed for grasping the cup from the plate.674
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