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Appendix
In this supplementary material, we provide additional

details and results of our proposed TVVE to complement
the main paper. The content is organized as follows:
• Appendix A: Real-world experimental details. Corre-

sponding demo videos of the results are also included in
the supplementary materials.

• Appendix B: Additional design details of TVVE, includ-
ing TaskMoE, point cloud aggregation, camera pose pa-
rameterization, and the proposed pseudo-environment in-
teraction mechanism.

• Appendix C: More simulation experimental details and
results.

• Appendix D: Implementation details and information
about the RLBench [7] and RLBench-OG. Additionally,
we provide more visualized results, with corresponding
demo videos included in the supplementary materials.

• Appendix E: Multi-view re-rendering visualization re-
sults.

Appendix A. Real-World Experimental Details
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Figure 1. Real-World Environment Setup.

To validate the generalizability of the proposed TVVE
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in real-world deployment scenarios, we conducted experi-
ments on two distinct robotic platforms: the Dobot Nova 2
and the Franka Research 3, employing differentiated cam-
era configurations (multi-view and single-view) to compre-
hensively validate the scenarios. For the Dobot Nova 2,
a multi-view setup consisting of three perspectives (side,
front, and wrist-mounted) was used, whereas for the Franka
robot, only a front view was utilized. Experimental results
confirm that our TVVE can be successfully deployed on
both platforms and outperforms both Diffusion Policy and
ARP. Figure 1 illustrates the real-world deployment envi-
ronments and the corresponding images from each view-
point.

Across five real-world tasks—Pick Grape, Stack Bowls,
Push Buttons, Collect Fruits, and Put Item In Drawer—our
TVVE achieves strong performance. Notably, in the
pick grape task, it successfully executed the manipula-
tion even when the target was partially occluded in one
viewpoint, demonstrating the advantage of our model in
global perception capabilities. Corresponding demonstra-
tion videos are provided to facilitate a more intuitive under-
standing of the real-world outcomes.

Furthermore, to further evaluate the executive capability
of our method across various types of tasks, we extended
the experiments on the Franka Research 3 platform to in-
clude ten additional tasks. These tasks encompass articu-
lated object manipulation, deformable object manipulation,
among others. Experimental results are summarized in Ta-
ble 1, which indicate that our TVVE achieves high success
rates, highlighting its adaptability and effectiveness across
a diverse set of tasks.

Real-World Robustness and Generalization Test-
ing.

We conduct robustness testing on the real-world Pick Grape
task on the Dobot nova 2 robot, evaluating under vari-
ous conditions including unseen instances, unseen back-
grounds, unseen objects, heavy occlusion, and illumination
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Arm Method Avg. SR (%) ↑ Pick Place Stack Bowls Push Buttons Collect Fruits Put Item In Drawer Rotate Handle Fold Towel Open Lip Unscrew Bottle Reach Drag

Franka
ARP 62.0% 10/10 7/10 8/10 5/10 6/10 3/10 5/10 7/10 3/10 8/10
TVVE (Ours) 70.0% 10/10 7/10 9/10 6/10 7/10 3/10 5/10 9/10 5/10 9/10

Table 1. Task success rates for Franka robots across more manipulation tasks.
Arm Method Avg. SR (%) ↑ Seen Inst. Bkg. Obj. Occl. Illum.

Dobot
Diffusion Policy 53.3 90.0 80.0 70.0 60.0 10.0 10.0
TVVE (Ours) 71.7 100.0 100.0 90.0 90.0 20.0 30.0

Table 2. Performance comparison under different configurations
on the Dobot robot. Abbreviations: Inst. (Unseen Instance), Bkg.
(Unseen Background), Obj. (Unseen Object), Occl. (Heavy Oc-
clusion), Illum. (Illumination Variation).

variation. Throughout the experiments, heavy occlusion is
identified as the primary cause of system failures. The re-
sults demonstrate that TVVE exhibits significantly better
overall adaptability compared to the Diffusion Policy (DP)
baseline. While both methods perform similarly in seen
scenarios, TVVE substantially outperforms DP when con-
fronted with unseen backgrounds, unseen objects, and espe-
cially under heavy occlusion. The success rates based on 10
trials for each configuration are reported, with quantitative
comparisons detailed in Table 2.

Details of Real-World Tasks.
We design real-world tasks to encompass as diverse op-
eration types as possible, including grasping and placing,
pressing/pushing, articulated object manipulation, rotation,
deformable object manipulation, fine manipulation, tool us-
age, etc. The design details of each task are elaborated be-
low.

(a) (b) (c) (d) (e)

Dobot

Franka
(f) (g) (h) (i) (j) (k) (l) (m) (n) (o)

Figure 3. Real-World Tasks Setup.
Pick and Place. On the table, there are fruits and a plate.

The robot needs to pick up and place the specified fruits.
Language instruction: Put the [FRUIT] into the [COLOR]
plate. As shown in Fig. 3 (a)(f).

Stack Bowls. There are some bowls and a plate on the
table. The robot needs to stack the bowls and plate in a spe-
cific order. Language instruction: Stack a [COLOR] bowl
and a [COLOR] bowl on a [COLOR] plate. As shown in
Fig. 3 (b)(g).

Push Buttons. There are multiple buttons of different
colors on the table. The robot needs to press the buttons
in a specific sequence. Language instruction: Press the
[COLOR] button, then the [COLOR] button, followed by
the [COLOR] button, and finally the [COLOR] button. As
shown in Fig. 3 (c)(h).

Collect Fruits. There are various fruits on the table. The
robot needs to collect the specified fruits into the specific

target. Language instruction: Put a [FRUIT], a [FRUIT],
and an [FRUIT] into the [COLOR] [TARGET]. As shown
in Fig. 3 (d)(i).

Put Item In Drawer. There is a cabinet on the table.
The robot needs to open the specified drawer, place the tar-
get object inside, and then close the drawer. Language in-
struction: Open the [Top/Middle/Bottom] drawer and put
the [OBJECT] into it. As shown in Fig. 3 (e)(j).

Rotate Handle. The experimenter holds the handle, and
the robot needs to rotate the handle by a certain angle. Lan-
guage instruction: Rotate the handle clockwise. As shown
in Fig. 3 (k).

Fold Towel. There is a towel on the table. The robot
needs to pick up one corner of the towel and then fold it.
Language instruction: Fold the towel. As shown in Fig. 3
(l).

Open Lip. There is a box on the table. The robot needs
to pick up the lid and open it. Language instruction: Open
the plastic lid of the biscuit case. As shown in Fig. 3 (m).

Unscrew Bottle. There is a bottle on the table. The
robot needs to twist the cap to open the bottle. Language
instruction: Unscrew the black bottle. As shown in Fig. 3
(n).

Reach Drag. There is a tool and an object to be manip-
ulated on the table. The robot needs to use the tool to move
the target object to the target position. Language instruc-
tion: Sweep the green apple into the gap between buttons
using wood board. As shown in Fig. 3 (o).

Appendix B. More design details of TVVE

TaskMoE: Mathematical Principles and Opera-
tional Mechanism

To handle heterogeneous manipulation tasks, we introduce
a task-aware Mixture-of-Experts (TaskMoE) that routes vi-
sual tokens through (i) a task–instruction–aware gate layer
and (ii) a per-gate expert selector. Unlike prior MoE
work [11, 13], TaskMoE decouples tasks from gates, de-
couples gates from experts, and adds semantic/entropy reg-
ularizers to avoid collapse.

Cross-modal conditioning and FiLM. Let V∈RS×D de-
note the sequence of visual tokens, where S is the number of
spatial tokens and D is the feature dimension. Let I∈RD be
the language instruction embedding and t ∈ RD the learn-
able embedding of the current task. We first fuse language
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Figure 2. Visualization of Dobot and Franka Robots’ Execution Processes in Real-World Environments. In the figure, the T-axis represents
the time axis, indicating the duration from the start to the end of the task. Each demonstration shows the following elements: side and wrist
camera views for the Dobot robot, and a single front view for the Franka robot.

into vision via cross-modal attention:

Q = VWQ, K = IWK , Va = IWV , (1)

V′ = softmax

(
QK⊤
√
dk

)
Va, (2)

where WQ,WK ,WV ∈ RD×D are projection matrices
and dk is the key dimension. The attention output V′ ∈
RS×D is an instruction-attended visual feature. We then
modulate channels with FiLM using globally pooled vision
and the task embedding (here GAP(·) is global average

pooling over the S tokens):

c = [GAP(V′); t] ∈ R2D, (3)

γ, β = MLP(c) ∈ RD × RD, (4)
Vmod = γ ⊙V + β, (5)

where γ and β are per-channel scaling and bias vectors and
⊙ denotes element-wise multiplication. The modulated fea-
ture Vmod∈RS×D serves as input to the gating network.
Stage 1: Task-aware gates (NG≪NJ ). We consider NJ

tasks and NG latent gates. Gates represent reusable skill



clusters shared across tasks. A shared gate head scores
NG gates for each token and is modulated by a learnable
task–gate assignment matrix A ∈ RNJ×NG :

pg = softmax(VmodWg)⊙ softmax(A[j, :]), (6)

where Wg ∈ RD×NG is the gate projection and j ∈
{1, . . . , NJ} is the index of the current task. The matrix
pg ∈RS×NG contains, for each token, a probability distri-
bution over gates. We select the top-1 gate per token (keep-
ing top-2 for analysis) and apply a per-gate capacity con-
straint to prevent any gate from absorbing too many tokens.
Stage 2: Per-gate expert selection (NE arbitrary). Given
the chosen gate g ∈ {1, . . . , NG}, we select experts from
an independent pool of NE experts. Each gate has its own
expert head:

ze = VmodWexp[g] + bexp[g], pe = softmax(ze), (7)

where Wexp ∈ RD×NG×NE and bexp ∈ RNG×NE are the
gate–expert projection and bias, and pe ∈ RS×NE gives,
for each token, a probability distribution over experts under
gate g. We keep top-k experts per token (default k = 2),
optionally filter the second expert with a threshold/ran-
dom policy, and enforce an expert capacity across the se-
quence. The resulting dispatch tensor aggregates these ex-
pert weights to route tokens to experts, and expert outputs
are combined using the selected mixture weights.
Regularization and loss. Let Ltask denote the main imita-
tion learning loss. We add balance, entropy, and semantic
regularizers:

L = Ltask + λgLbal-gate + λeLbal-exp (8)
− ηgH(pg)− ηeH(pe) + λsem Lsem(A, I), (9)

where Lbal-gate and Lbal-exp penalize unbalanced gate/expert
utilization, H(pg) and H(pe) are the entropies of the gate
and expert distributions (encouraging diverse routing), and
Lsem(A, I) aligns rows of the task–gate matrix A with the
similarity structure of instruction embeddings I so that se-
mantically related tasks share gates/experts. The scalars
λg, λe, ηg, ηe, λsem≥0 control the strength of each regular-
izer. Capacity clipping at both stages further prevents any
single gate or expert from monopolizing the traffic.
Scalability and specialization. Because gates are decou-
pled from tasks and from experts, we can set the number
of gates NG and experts NE independently (e.g., NG=8,
NE=16). The gate layer captures coarse task affinity (each
task uses only a few gates), while the expert layer re-
fines routing inside each gate into task-specific specialists.
Empirically, increasing NE leads to finer skill factoriza-
tion without leaving experts idle, validating the two-stage
gate→expert design with entropy/semantic regularization.

Figure 4. The aggregated full-scene point cloud of the
put groceries in cupboard task from multiple viewpoints

Point Cloud Aggregation.

In the RLBench dataset experiments, we select RGB-D
images from four fixed viewpoints: front, right shoulder,
left shoulder, and wrist as inputs. Following the approach
of RVT-2 [5], we convert the depth maps from all view-
points into point clouds in a global coordinate system using
the intrinsic and extrinsic camera parameters. Subsequently,
we perform multi-view point cloud aggregation and remove
redundant points outside the workspace to obtain the final
scene point cloud, as illustrated in Fig. 4.

Pseudo-environment Interaction Mechanism.

To enable efficient policy optimization without physi-
cal environment interaction, we design a novel pseudo-
environment interaction mechanism. As shown in Algo-
rithm 1. The shadow network πshadow (a frozen copy of the
policy before training) processes observation o to compute
reference losses Lref. MVEP πθ processes o to generate
camera poses p (p as policy action), the rendered obser-
vation images from multi-view camera poses are fed into
TaskMoE and TaskMoE-ARP (Autoregressive Action Pol-
icy) to compute the current policy lossesLTVVE. The reward
r is then calculated based onLref, LTVVE, and p. Finally, the
experience tuple (o, r,p, log πθold(p|o), Vθold(o)) is stored
in the replay buffer B for policy updates. This approach
enables batch environment interaction, leveraging existing
demonstration data to improve policies and enhance data
utilization efficiency.

Camera Pose Parameterization.

The camera pose is mathematically represented using a
look-at model defined by a 5-dimensional parameter vector
pi = (θi, ϕi, ri, θiup, ϕ

i
up) ∈ R5(i ∈ [0,K−1], K is number

of camera viewpoint). This representation decouples cam-
era position from orientation through spherical coordinates:



Algorithm 1 Pseudo-Environment Interaction

1: Input: Current observation o, shadow network πshadow
2: Output: Transition tuple τ
3: # Compute reference loss
4: Lref ← πshadow(o)
5: # Generate camera poses & compute current model loss

using TVVE
6: LTVVE,p, log πθold(p|o), Vθold(o)← πθold(o)
7: # Compute reward
8: r ← RewardCalculator(Lref,LTVVE,p)
9: # Construct transition tuple

10: return (o,p, r, log πθold(p|o), Vθold(o))

ti =

xi

yi

zi

 =

ri sin θi cosϕi

ri sin θi sinϕi

ri cos θi

 (10)

where ti denotes the camera center position. The viewing
direction is intrinsically defined as vi

look = −ti/∥ti∥2 to-
ward the origin. The up-vector orientation is parameterized
as:

vi
up =

sin θiup cosϕ
i
up

sin θiup sinϕ
i
up

cos θiup

 (11)

The final camera matrix is constructed via Gram-
Schmidt orthogonalization between vi

look and vi
up.

Appendix C. More Experimental Details and
Resutls

Baseline Details.
We compare with eleven state-of-the-art baselines on RL-
Bench, RLbench-OG and Real-world, including both 2D
and 3D approaches. For 2D methods, we include Diffu-
sion Policy [2], which formulates robot policies as con-
ditional denoising diffusion processes. The 3D baselines
comprise voxel-based methods: C2F-ARM-BC [8], which
predicts actions in a coarse-to-fine manner via Q-value esti-
mation; PerAct [12], which detects actions through global
self-attention; Hiveformer [6], which employs attention
across historical features; and GNFactor [14], which co-
optimizes a neural scene representation with a PerAct-based
policy. We also consider point-based methods: PolarNet
[1], which computes dense point representations, and multi-
view approaches: RVT [4], which fuses multi-view predic-
tions via 3D back-projection, and its successor RVT2 [5],
which enhances precision and efficiency. Furthermore, we

include Act3D [3], which uses coarse-to-fine 3D featuriza-
tion (retrained by us for a fair comparison), 3D Diffuser Ac-
tor [9], a 3D diffusion-based policy, and ARP [15], an au-
toregressive policy generating hybrid action sequences via
a Chunking Causal Transformer.

Implementation Details.

In the RLBench Multi-view setup experiments, during the
supervised pre-training phase, our experimental hyperpa-
rameter settings comply with APR[15]. In the offline re-
inforcement learning phase for MVEP, our hyperparameter
configurations are detailed in Table 3.

Hyperparameter Value

MVEP
K number of the camera
viewpoints

3

NMVEP The number of
input point clouds for
MVEP

2048

embedding size 512

Train & Eval
observation(RGBD) 4× 128× 128× 4
re-render image resolution 224× 224
maximum evaluation steps 25
train epochs 20
eval frequency 100
batch size 96
learning rate 2.0e-6
learning rate scheduler cosine
optimizer LAMB

Table 3. Hyperparameters for offline reinforcement learning train-
ing in RLBench experiments.

Performance-Efficiency Trade-off Analysis.

During inference, TVVE must predict dynamic multi-view
camera poses and continuously adjust the rendering camera
pose, resulting in a non-negligible computational overhead.
To assess the practicality of the proposed TVVE model,
we compare its average task success rate and inference la-
tency with those of the baseline model, ARP. The results,
summarized in Table 4 on the RLBench, show that TVVE
achieves a higher average success rate than ARP, while the
increase in inference latency remains relatively modest (ap-
proximately 10.7%). These findings suggest that TVVE
effectively balances task performance and operational effi-
ciency, with design elements such as sampling acceleration
and camera caching playing a key role in enhancing model
efficiency.
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Figure 5. Demonstrations of 18 RLBench tasks and their corresponding language instructions.

Method Average Success Rate (%) Average Inference Time(s)

ARP 81.6 0.394
TVVE 86.6 0.436

Table 4. Comparison of the average success rate and inference
time between ARP and TVVE across 18 tasks.Method 20 40 80 100

ARP 6.7± 2.3 14.7± 2.3 28.0± 4.0 45.3± 6.1
TVVE (Ours) 10.7± 2.3 17.3± 2.3 30.7± 6.1 52.0± 4.0

Table 5. Success rate (mean ± std %) comparison under varying
numbers of demonstrations on the RLBench Put in Cupboard task.

Data Efficiency Analysis.
We conduct a demonstration ablation study on the RLBench
Put in Cupboard task. As shown in Table 5, TVVE consis-
tently outperforms the baseline ARP across all demonstra-
tion sizes (20, 40, 80, and 100). Notably, the performance
gap widens as the number of demonstrations increases, with
TVVE achieving a success rate of 52.0± 4.0% compared
to 45.3 ± 6.1% for ARP at 100 demonstrations. This trend
demonstrates that while more data benefits both methods,
the superior sample efficiency and final performance of
TVVE are inherently due to our proposed architectural im-
provements, not simply the result of scaling the dataset.

Results on RLBench-OG.
We conducted an evaluation of TVVE, RVT2, ARP, and
Diffusion Policy on the RLBench-OG benchmark. Detailed
performance across 10 tasks under 8 variations is presented
in Tables 6, 7, 8, and 9. The reported success rates corre-
spond to the mean± standard deviation from three indepen-
dent trials.

(b) 𝑁𝑁𝐸𝐸 = 8 (c) 𝑁𝑁𝐸𝐸 = 16(a) 𝑁𝑁𝐸𝐸 = 4

Figure 6. t-SNE visualization of instruction embeddings routed
through the 4-expert (a), 8-expert (b) and 16-expert (c) TaskMoE.
In the 4-expert TaskMoE (a), each expert bears a high workload,
their specialization is limited, and it is difficult to achieve fine-
grained partitioning. In the 8-expert TaskMoE (b), inner-region
experts (E0, E1, E2, E3, E4, E5, E6, E7) form compact, seman-
tically coherent clusters, while outer-ring embeddings are domi-
nated by E1, E4 and E7, indicating fallback routing for diverse
or weakly structured instructions. Compared to the 8-expert con-
figuration, the 16-expert TaskMoE exhibits more balanced expert
utilization. NE denotes the number of experts.

Experimental Results and Analysis on TaskMoE.
In the RLBench Multi-view setup experiments, we con-
ducted individual ablation studies on the components of
TaskMoE, and visualized and analyzed the routing behav-
ior of the gate-expert at both the instruction-level and task-
level.

Instruction-level Routing Behavior Analysis. We com-
pare the routing behavior of the 16-expert Task-MoE with
the 4-expert and 8-expert configuration using instruction-
level t-SNE embeddings, as shown in Fig. 6. The 16-
expert model exhibits markedly improved semantic disen-
tanglement: the embedding manifold contains a substan-



Task Name Occlusion 1 Occlusion 2 Light Color Table Color Table Texture Distractor Background Texture Camera Pose Variant Mean

basketball in hoop 100.0± 0.0 100.0± 0.0 100.0± 0.0 92.0± 0.0 96.0± 0.0 70.0± 2.0 100.0± 0.0 100.0± 0.0 94.8± 9.8
scoop with spatula 88.0± 8.0 88.0± 5.7 64.0± 0.0 76.0± 0.0 86.0± 2.0 68.0± 4.0 92.0± 4.0 89.3± 3.8 81.4± 10.8
take plate off colored dish rack 100.0± 0.0 98.7± 1.9 76.0± 4.0 94.0± 6.0 92.0± 0.0 100.0± 0.0 98.7± 1.9 100.0± 0.0 94.9± 8.2
water plants 88.0± 4.0 26.7± 3.8 16.0± 4.0 16.0± 0.0 20.0± 4.0 22.7± 1.9 24.0± 4.0 24.0± 3.3 29.7± 22.6
block pyramid 8.0± 8.0 0.0± 0.0 22.0± 6.0 8.0± 0.0 8.0± 0.0 12.0± 0.0 16.0± 4.0 18.0± 6.0 11.5± 7.9
solve puzzle 2.0± 2.0 0.0± 0.0 14.0± 6.0 14.0± 2.0 10.0± 2.0 12.0± 0.0 24.0± 0.0 22.0± 2.0 12.2± 8.3
take usb out of computer 100.0± 0.0 100.0± 0.0 97.3± 1.9 100.0± 0.0 96.0± 0.0 82.7± 1.9 100.0± 0.0 100.0± 0.0 97.0± 5.7
close drawer 100.0± 0.0 100.0± 0.0 92.0± 0.0 96.0± 0.0 96.0± 0.0 98.7± 1.9 98.7± 1.9 98.7± 1.9 97.5± 2.8
straighten rope 64.0± 0.0 0.0± 0.0 58.0± 2.0 50.0± 2.0 64.0± 8.0 36.0± 0.0 89.3± 5.0 80.0± 4.0 55.2± 26.2
toilet seat down 100.0± 0.0 66.7± 8.2 97.3± 1.9 100.0± 0.0 100.0± 0.0 100.0± 0.0 100.0± 0.0 100.0± 0.0 95.5± 11.3

Task Mean 75.0± 1.2 58.0± 1.1 63.7± 1.1 64.6± 0.7 66.8± 0.9 60.2± 0.6 74.3± 0.9 73.2± 0.9 67.0± 6.2

Table 6. Success Rates of TVVE under Different Perturbations of RLBench-OG.

Task Name Occlusion 1 Occlusion 2 Light Color Table Color Table Texture Distractor Background Texture Camera Pose Variant Mean

basketball in hoop 100.0± 0.0 100.0± 0.0 88.8± 1.6 96.0± 0.0 99.2± 1.6 88.0± 0.0 100.0± 0.0 100.0± 0.0 96.5± 4.8
scoop with spatula 82.7± 7.5 84.0± 6.5 75.4± 2.6 84.0± 5.7 88.0± 5.7 76.0± 4.0 98.0± 2.0 96.0± 0.0 85.5± 7.7
take plate off colored dish rack 98.7± 1.9 65.3± 6.8 60.0± 4.6 88.8± 3.9 84.8± 4.7 100.0± 0.0 100.0± 0.0 100.0± 0.0 87.2± 15.2
water plants 72.0± 8.6 20.0± 5.7 12.0± 5.1 9.6± 9.3 23.0± 5.9 22.0± 2.0 26.0± 2.0 32.0± 0.0 27.1± 18.3
block pyramid 4.0± 3.3 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.5± 1.3
solve puzzle 0.0± 0.0 0.0± 0.0 9.3± 3.0 8.0± 3.6 12.0± 5.1 20.0± 0.0 16.0± 3.3 25.3± 3.8 11.3± 8.4
take usb out of computer 100.0± 0.0 100.0± 0.0 100.0± 0.0 100.0± 0.0 95.2± 1.6 98.0± 2.0 98.7± 1.9 100.0± 0.0 99.0± 1.6
close drawer 100.0± 0.0 100.0± 0.0 99.3± 1.5 97.6± 2.0 98.4± 2.0 96.0± 0.0 100.0± 0.0 100.0± 0.0 98.9± 1.4
straighten rope 70.7± 10.0 0.0± 0.0 56.7± 5.8 37.6± 5.4 44.0± 5.1 36.0± 0.0 86.7± 5.0 88.0± 4.0 52.5± 27.6
toilet seat down 100.0± 0.0 0.0± 0.0 100.0± 0.0 100.0± 0.0 100.0± 0.0 98.0± 2.0 100.0± 0.0 100.0± 0.0 87.2± 33.0

Task Mean 72.8± 2.0 46.9± 0.4 60.8± 1.2 61.8± 1.1 64.0± 2.0 63.4± 0.2 72.6± 0.6 74.0± 0.8 64.5± 8.3

Table 7. Success Rates of RVT2 under Different Perturbations of RLBench-OG.

tially larger number of compact and well-separated clus-
ters, each corresponding to an expert with strong special-
ization. Expert utilization becomes significantly more bal-
anced, with reduced reliance on fallback experts for long-
tail or weakly structured instructions. The outer-ring re-
gion—typically occupied by generic or ambiguous instruc-
tions—is shared by a diverse subset of experts rather than
collapsing onto one or two dominant experts. This indicates
that the expanded expert capacity enables finer-grained se-
mantic partitioning and mitigates routing collapse. In con-
trast, the 8-expert model shows partially collapsed routing
behavior. Although several inner-region experts still form
coherent semantic clusters, the outer ring is dominated by
E1, E4 and E7, which assume the role of catch-all experts.
Their dispersed and high-density presence suggests that the
gate struggles to allocate long-tail and noisy instructions
across multiple experts. Consequently, the semantic bound-
aries between experts remain coarse, limiting the degree of
modularization and reducing the benefits of MoE special-
ization. Overall, the comparison demonstrates that increas-
ing the number of experts from 8 to 16 leads to more stable
routing, finer semantic granularity, and healthier expert bal-
ancing, thereby enabling a more expressive and disentan-
gled mixture-of-experts structure.

Task-level Routing Behavior Analysis. We analyze the
gate and expert routing behavior by visualizing the task-
wise distributions. Such visualization allows us to examine
whether different RLBench tasks activate distinct subsets
of gates and experts, revealing the degree of task specializa-

(a) 𝑁𝑁𝐸𝐸 = 8, Top1 Gate Usage (b) 𝑁𝑁𝐸𝐸 = 8, Top1 Expert Usage

(c) 𝑁𝑁𝐸𝐸 = 16, Top1 Gate Usage (d) 𝑁𝑁𝐸𝐸 = 16, Top1 Expert Usage

Figure 7. Task-wise gate and expert usage visualization for the
proposed MoE layer. Both 8-expert (a,b) and 16-expert (c,d) con-
figurations demonstrate clear task-dependent routing, while larger
expert capacity allows finer-grained specialization without leading
to expert collapse.

tion, routing stability, and expert utilization diversity within
the TaskMoE architecture.

Fig. 7 shows per–task top-1 gate/expert usage for NE=8
(a,b) and NE = 16 (c,d). With 8 experts, every task set-
tles on 1–2 gates (e.g., place shape in shape sorter and
put groceries in cupboard both enter G3; place cups enters
G2/G3), and all gates/experts are exercised, confirming the



Task Name Occlusion 1 Occlusion 2 Light Color Table Color Table Texture Distractor Background Texture Camera Pose Variant Mean

basketball in hoop 100.0± 0.0 100.0± 0.0 86.0± 2.0 76.0± 0.0 86.0± 2.0 84.0± 0.0 100.0± 0.0 100.0± 0.0 91.5± 9.0
scoop with spatula 88.0± 4.0 76.0± 8.0 62.0± 2.0 78.0± 2.0 86.0± 2.0 82.0± 2.0 86.7± 10.0 84.0± 8.0 80.3± 9.8
take plate off colored dish rack 100.0± 0.0 76.0± 4.0 74.0± 6.0 96.0± 0.0 94.0± 6.0 100.0± 0.0 100.0± 0.0 100.0± 0.0 92.5± 10.9
water plants 66.0± 14.0 10.0± 2.0 10.0± 2.0 12.0± 0.0 10.7± 3.8 13.3± 7.5 16.0± 8.0 21.3± 3.8 19.9± 19.0
block pyramid 14.0± 2.0 0.0± 0.0 1.0± 1.7 5.3± 3.8 0.8± 1.6 2.4± 3.2 2.0± 3.5 6.4± 8.2 4.0± 5.7
solve puzzle 0.0± 0.0 0.0± 0.0 14.0± 2.0 8.0± 0.0 6.0± 2.0 16.0± 8.6 8.0± 4.0 14.0± 6.0 8.2± 7.1
take usb out of computer 100.0± 0.0 100.0± 0.0 100.0± 0.0 98.0± 2.0 96.0± 0.0 94.0± 2.0 100.0± 0.0 98.7± 1.9 98.3± 2.4
close drawer 100.0± 0.0 100.0± 0.0 96.0± 0.0 98.0± 2.0 100.0± 0.0 94.0± 2.0 100.0± 0.0 100.0± 0.0 98.5± 2.4
straighten rope 62.0± 6.0 4.0± 0.0 60.0± 0.0 60.0± 0.0 46.0± 6.0 42.0± 6.0 68.0± 8.0 74.0± 2.0 52.0± 21.2
toilet seat down 100.0± 0.0 60.0± 4.0 94.7± 1.9 96.0± 0.0 88.0± 0.0 96.0± 0.0 100.0± 0.0 98.7± 1.9 91.7± 12.6

Task Mean 73.0± 1.6 52.6± 1.0 59.8± 0.8 62.7± 0.5 61.3± 1.0 62.4± 1.4 68.1± 1.6 69.7± 1.4 63.7± 6.1

Table 8. Success Rates of ARP under Different Perturbations of RLBench-OG.

Task Name Occlusion 1 Occlusion 2 Light Color Table Color Table Texture Distractor Background Texture Camera Pose Variant Mean

basketball in hoop 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0
scoop with spatula 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 1.3± 1.9 1.3± 1.9 0.0± 0.0 0.3± 1.1
take plate off colored dish rack 4.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 2.0± 2.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.8± 1.6
water plants 2.0± 2.0 4.0± 0.0 8.0± 0.0 4.0± 3.3 2.0± 2.0 8.0± 3.3 2.0± 2.0 2.0± 2.0 4.0± 3.3
block pyramid 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0
solve puzzle 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0
take usb out of computer 92.0± 8.0 82.0± 2.0 61.3± 3.8 58.7± 5.0 66.0± 2.0 76.0± 0.0 65.3± 7.5 64.0± 12.0 70.7± 12.5
close drawer 76.0± 0.0 56.0± 8.0 86.7± 5.0 88.0± 3.3 72.0± 0.0 84.0± 3.3 92.0± 3.3 74.0± 2.0 78.6± 11.6
straighten rope 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.0± 0.0
toilet seat down 100.0± 0.0 92.0± 8.0 73.3± 5.0 74.7± 1.9 84.0± 4.0 74.7± 13.2 88.0± 8.6 82.0± 2.0 83.6± 11.1

Task Mean 27.4± 0.8 23.4± 1.1 22.9± 0.8 22.5± 0.7 22.6± 0.5 24.4± 1.4 24.9± 1.2 22.2± 1.2 23.8± 1.9

Table 9. Success Rates of Diffusion Policy under Different Perturbations of RLBench-OG.

task-aware gate design learns a stable task→gate partition
without idle capacity. Increasing to 16 experts keeps the
gate partition similar but further splits the downstream ex-
perts: tasks that shared a single expert at NE=8 now route
to distinct experts (e.g., meat off grill disperses over E1/E7
(from E1), place shape in shape sorter shifts to E8/E10
(from E1), put money in safe to E2/E9 (from E7), yielding
finer skill specialization. This validates that the two-stage
gate→expert routing, combined with entropy/semantic reg-
ularization and a larger NE , not only provides additional
capacity that is fully utilized without collapsing to a few
experts but also enhances sparsity, which optimizes compu-
tational efficiency and improves generalization by distribut-
ing representations more distinctly.

Moreover, Fig. 7(c,d) shows the two-stage router dif-
ferentiates fine-grained skills even when tasks share the
same gate. For example, the semantically related tasks
place cups and place wine at rack location both enter the
same gate (G2) at NE = 16, yet their traffic is split to
different experts downstream (e.g., place cups to E5 vs.
place wine at rack location to E4). This demonstrates that
the gate layer captures coarse task affinity while the expert
layer refines the routing to task-specific specialists, confirm-
ing the effectiveness of the two-stage gate→expert design in
achieving fine-grained routing without losing shared struc-
ture.

Generalization. We conduct experiments in RLBench,
training on tasks such as Insert Peg and Put Item Drawer,
and others, and is subsequently evaluated on a set of unseen

tasks. Our model achieves high success rates in completing
certain tasks not encountered during training, demonstrat-
ing the generalization capability of our architecture. The
results are shown in Table 10.

Appendix D. Implementation details and infor-
mation about the RLBench and RLBench-OG

RLBench.
To evaluate the effectiveness and generalization capability
of the proposed TVVE for multi-task robotic manipulation,
we conduct experiments on 18 diverse tasks from the RL-
Bench benchmark, including close jar, stack blocks, and
so on. TVVE is trained with 100 demonstrations per task.
Example demonstration samples for each task are shown
in Fig. 5. During evaluation, the model is tested with 25
demonstrations using the same settings. For a more intu-
itive understanding, we also include corresponding video
results.

RLBench-OG: Task Definition and Visualization.
RLBench-OG is derived from the RLBench benchmark
and is designed to evaluate the robustness of models un-
der occlusion as well as their generalization capability un-
der various environmental perturbations. RLBench-OG se-
lects ten tasks from the original RLBench task list, cover-
ing both simple scenarios (e.g., take usb out of computer)
and more complex long-horizon tasks (e.g., block pyramid).
The benchmark consists of two components: an Occlusion
Suite and a Generalization Suite. We detail both compo-



Seen Unseen

Avg. SR
(%)

↑ Insert onto
Square Peg

Put Item
in Drawer

Reach and
Drag

Turn Tap
Slide Block to
Color Target

Open Drawer
Put Groceries
in Cupboard

Place Shape in
Shape Sorter

Put Money
in Safe

Push Buttons Close Jar Stack Blocks Place Cups
Place Wine at
Rack Location

Light Bulb
In

Sweep to
Dustpan of Size

Meat off
Grill

Stack Cups Water Plants Close Drawer
Toilet Seat

Down

80.2 24.0 100.0 96.0 100.0 100.0 88.0 68.0 32.0 96.0 96.0 100.0 68.0 36.0 96.0 88.0 96.0 96.0 64.0 12.0 44.0 100.0

Table 10. Performance with NG = 8, NE = 16 TaskMoE in RLBench. TaskMoE enhances generalization to unseen tasks.

nents below. For the visualization of different variant set-
tings corresponding to each task, see Fig. 8 and Fig. 9.

Occlusion Suite
Occlusion refers to situations in which the line of sight
of the camera to key task-relevant regions is fully or par-
tially blocked, leading to incomplete observations and de-
graded performance of state estimation and action execu-
tion. In the occlusion suite, we introduce occlusions to the
front camera through two mechanisms:

1. Self-occlusion by object pose perturbation. We mod-
ify the position or orientation of task-relevant objects
such that essential interaction points become occluded.
These occluded regions are often critical for task com-
pletion, such as the drawer handle in the close drawer
task.

2. Occlusion by external distractors. We place task-
irrelevant objects—such as cabinets, TVs, or doors—in
front of the workspace to partially block the scene, lead-
ing to incomplete visibility of key regions.

Task Construction. The following describes how occlu-
sions are introduced for each of the ten tasks:

• basketball in hoop: Basket and trash can poses are per-
turbed to occlude the basketball.

• block pyramid: A cabinet is placed in front of the
workspace to occlude part of the blocks.

• close drawer: The drawer is rotated such that its geome-
try occludes the handle.

• scoop with spatula: A wine bottle is positioned to block
the target cube.

• solve puzzle: A storage cabinet is placed to occlude puz-
zle pieces.

• straighten rope: A desk lamp is placed in front of one
end of the rope.

• take plate off colored dish rack: A box with a laptop
blocks visibility of the plate.

• take usb out of computer: A cabinet blocks the USB
port area.

• toilet seat down: A door is placed such that it occludes
the toilet seat.

• water plants: A television partially blocks both the wa-
tering can and the plant.

Experimental Settings. We evaluate models under two
occlusion levels, Occlusion 1 and Occlusion 2. For Oc-
clusion 1, models are both trained and tested directly under
the occluded task configurations; for Occlusion 2, models

are trained in the original RLBench task settings and then
evaluated in a zero-shot manner under occluded conditions.

Generalization Suite
The Generalization Suite evaluates robustness to
environment-conditioned variations. Based on the
same ten tasks, we construct six types of environment
variations, each modifying exactly one factor while keep-
ing all others unchanged. Following the pipeline from the
COLOSSEUM [10], we specify variation types using yaml
configuration files and data collection procedures via json
metadata.

Variation Types.
• light color: RGB values are sampled within predefined

ranges and applied to directional lights.
• table texture: A texture is sampled from a texture dataset

and applied to the table.
• table color: RGB values are sampled within predefined

ranges and applied to the table surface.
• background texture: A background texture is randomly

sampled and applied.
• distractor: Two distractor objects are sampled from a 3D

asset dataset and spawned within the workspace bound-
ary.

• camera pose: Camera position and orientation offsets
are sampled and applied to the front, left-shoulder, and
right-shoulder cameras.

Experimental Settings. For the Generalization Suite,
models are trained in the original RLBench environment
and subsequently evaluated in a zero-shot manner across
various generalization variants. For all variants, we collect
25 validation episodes for each task.

Appendix E. Multi-view Re-rendering Visual-
ization Results

To further illustrate the operational principles of our TVVE
framework and its performance on RLBench, we visualize
multiple dynamic virtual viewpoints generated by MVEP in
3D space at intermediate execution steps during inference,
along with their corresponding rendered 2D images for each
scene, as shown in Fig. 10 and Fig. 11. The rendered im-
agery clearly captures both the end-effector and target ob-
jects, enabling the action model to make more precise mo-
tion predictions based on these perceptual cues. This en-
hancement directly contributes to improved task success



rates across multiple manipulation scenarios. TVVE effec-
tively translates visual completeness into manipulation suc-
cess, validating that dynamic “seeing” fundamentally un-
derpins robust “acting.”
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(a) Basketball In Hoop: pick up the basketball and put it in the hoop.

(b) Block Pyramid: stack red blocks in a pyramid.

(c) Close Drawer: close of the bottom drawer by pushing it shut.

(d) Scoop With Spatula: scoop up the cube and lift it with the spatula.

(e) Solve Puzzle: pick up the puzzle piece and place it on the puzzle.

Figure 8. Visualization of different variants for the basketball in hoop, block pyramid, close drawer, scoop with spatula, solve puzzle
tasks.
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(f) Straighten Rope: grasping each end of the rope in turn, leave the rope straight.

(g) Take Plate Off Colored Dish Rack: remove the dish from the black rack.

(h) Take Usb Out Of Computer: grasp the usb stick and slide it out of the pc.

(i) Toilet Seat Down: grasping the top of the lid, close the toilet seat.

(j) Water Plants: pick up the watering can by its handle and water the plant.
Figure 9. Visualization of different variants for the straighten rope, take plate off colored dish rack, take usb out of computer, toi-
let seat down, water plants tasks.
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Put the crackers in the cupboard.
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Meat Off Grill
Take the chicken off the grill.

Place Cups
Place 2 cups on the cup holder.

Place Wine At Rack Location
Stack the wine bottle to the left 

of the rack.

Push Buttons
Push the maroon button, then push the 
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Figure 10. The dynamic multi-view re-rendering visualization results of the Light Bulb In, Close Jar, Insert Onto Square Peg, Put
Groceries In Cupboard, Grill, Place Cups, Place Wine At Rack Location, and Push Buttons tasks.



Put Item In Drawer
Put the item in the bottom drawer.

Put Money In Safe
Put the money away in the safe 

on the bottom shelf.

Reach And Drag
Use the stick to drag the cube onto 

the white target.

Slide Block To Color Target
Slide the block to blue target.

Stack blocks
Stack 3 yellow blocks.

Stack Cups
Stack the other cups on top of 

the blue cup.

Sweep To Dustpan Of Size
Sweep dirt to the short dustpan.

Turn Tap
Turn right tap.
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Figure 11. The dynamic multi-view re-rendering visualization results of the Put Item In Drawer, Put Money In Safe, Reach And Drag,
Slide Block To Color Target, Stack Blocks, Stack Cups, Sweep To Dustpan Of Size, and Turn Tap tasks.


