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Fig. 1: Visual-Geometry Diffusion Policy (VGDP) is an imitation learning method that fuses 3D observations with 2D images through
a Complementarity-Aware Fusion Module, which uses modality-wise dropout to enforce balanced use of RGB and geometry. This design
yields substantial improvements in average performance, generalization, and robustness. VGDP is extensively evaluated in both simulation
and the real world, covering a wide range of tasks and both visual and spatial randomizations.

Abstract— Imitation learning has emerged as a crucial ap-
proach for acquiring visuomotor skills from demonstrations,
where designing effective observation encoders is essential for
policy generalization. However, existing methods often struggle
to generalize under spatial and visual randomizations, instead
tending to overfit. To address this challenge, we propose Visual-
Geometry Diffusion Policy (VGDP), a multimodal imitation
learning framework built around a Complementarity-Aware Fu-
sion Module where modality-wise dropout enforces balanced use
of RGB and point-cloud cues, with cross-attention serving only
as a lightweight interaction layer. Our experiments show that
the expressiveness of the fused latent space is largely induced by
the enforced complementarity from modality-wise dropout, with
cross-attention serving primarily as a lightweight interaction
mechanism rather than the main source of robustness. Across
a benchmark of 18 simulated tasks and 4 real-world tasks,
VGDP outperforms seven baseline policies with an average
performance improvement of 39.1%. More importantly, VGDP
demonstrates strong robustness under visual and spatial per-
turbations, surpassing baselines with an average improvement
of 41.5% in different visual conditions and 15.2% in different
spatial settings.

I. INTRODUCTION

Imitation learning has become a key paradigm in robotics,
enabling robots to efficiently acquire complex manipulation
skills directly from expert demonstrations without expensive
online learning [1] [2] [3] [4] [5] [6]. Recent advances in
imitation learning have extended its applicability from simple
manipulation primitives to diverse, long-horizon visuomotor
tasks, supported by more robust visual representations and
scalable policy architectures. [7], [8] Despite this progress,

real-world deployment inevitably exposes robots to diverse
sensor noise and continual distribution shifts—spanning
appearance, illumination, viewpoint, and workspace lay-
out—under which robust generalization remains elusive.
Image-based encoders are notoriously brittle to changes in
appearance, illumination, and viewpoint [9]-[12]. Existing
approaches either lack the capacity to accurately fit complex
action distributions, or they overfit to narrow demonstration
data and consequently fail to generalize. Merely scaling
demonstrations is unsustainable; hundreds of real-world de-
mos can take days to collect, while the scaling law yields
diminishing accuracy gains as data grows [1], [13]. The
question of how to produce data-efficient representations that
are simultaneously informative and generalizable remains
unresolved. Previous work relies largely on the concatenation
of early or late features [14], [15] or attaching RGB images
as attributes to points [16]-[18], which often yields modest
or unstable gains under distribution shift.

To tackle this problem, we propose the Visual-
Geometry Diffusion Policy (VGDP), which integrates a
Complementarity-Aware Fusion Module to actively prevent
modality collapse and promote balanced use of RGB and
geometric cues. In this layer, RGB and point-cloud features
are first projected into a shared embedding space and then
passed through a modality-dropout mechanism that ran-
domly removes entire sensory streams during training. This
dropout-driven constraint forces the policy to learn modality-
invariant and complementary structure, making the fused rep-
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Fig. 2: Visual-Geometry Diffusion Policy Overview. (a) Observation: The environment is captured by a single-view
RGB-D camera together with robot joint states. (b) Perception: Each modality is independently encoded by a dedicated
encoder, ensuring comprehensive semantic representation. (c) Integration: The richly represented features learn cross-modal
dependencies and contextual relationships via a cross-attention layer, wrapped with modality-wise and element-wise dropout
to enforce balanced modality utilization and feature activation. (d) Decision: Conditioned on the fused feature, a noised
action is denoised to either provide loss for end-to-end training or output an action during evaluation.

resentation far more expressive than what architecture alone
can offer. A lightweight bidirectional cross-attention layer
then exchanges information between the surviving modal-
ities, with residual connections and element-wise dropout
providing additional stability before the fused feature is
passed to the decision head.

Finally, the action is denoised from random noise con-
ditioned on this expressive multimodal representation. This
formulation jointly exploits the semantic detail of RGB
inputs and the geometric precision of point clouds, markedly
improving the diffusion policy’s generalization and its re-
silience to distributional shifts.

To systematically assess the capability of VGDP, we con-
duct experiments on a unified RoboVerse benchmark [19],
consisting of 18 simulation tasks covering three levels of
randomization and four real-world tasks, covering a wide
range of generalization challenges. As demonstrated by our
experimental results, VGDP exhibits the following features:

1) Visual Generalizability. VGDP is not only highly
robust to new visual conditions when trained with ran-
domization in materials, lights, and camera positions,
but also shows a strong ability to operate under out-
of-distribution conditions even when only trained on
a fixed scene. It exceeds the other six baselines with an
average increase in success rate of 41.5% in visually
randomized scenes.

Spatial Generalizability. The fused observation fea-
ture provides the VGDP with a more in-depth un-
derstanding of the scenario, facilitating its ability to
generalize smoothly across a wide workspace, showing
an average rise in the success rate of 15.2% in spatially
randomized tasks.

Precise Control Ability. VGDP significantly pre-
vails over other methods in tasks that require precise
control, highlighting the importance of including an

2)

3)

information-rich RGB representation. For the selected
tasks that require control precision no more than 1
centimeter, VGDP demonstrates a success rate increase
of 18.77%.

Conclusively, our method exhibits strong generalization
across varied scenes, highlighting the central importance of
the modality-dropout mechanism in shaping resilient and
modality-invariant representations.

II. RELATED WORK

Imitation Learning. Imitation learning (IL) learns visuo-
motor control from demonstrations, avoiding costly on-
line exploration [20]. Recent work explores generative or
diffusion-based policies for robust action denoising [1],
data-efficient 3D-structure-aware policies [3], and large-scale
demonstrations for diverse skill acquisition [13], [21]. Yet
generalization under lighting, viewpoints, or layout changes
remains a central challenge, as even small visual drifts cause
significant performance drops. Common remedies—domain
randomization, diverse demonstrations, and visual pretrain-
ing—alleviate but cannot fully bridge the gap, as low-level
approaches in data augmentation or pretraining cannot tran-
scend the representational limits of high-level observation
encoders. To address this, our method provides a stronger
visual representation that fully unleashes the potential of
imitation learning.

Multimodal Visual Encoders. Nowadays, fusing RGB im-
ages with point clouds has become a mainstream approach
for robotic perception and manipulation. Multimodal visual
encoders combine RGB’s rich semantics with 3D geometry’s
metric structure [22]. Progress ranges from early point-
wise fusion such as PointFusion [14], to sequential semantic
painting exemplified by PointPainting [16], and to recent
robot imitation learning methods like FPV-Net [18] that
condition point-cloud encoders on visual cues for robust



policy learning. Despite these advances, challenges such as
modality dominance [23], [24], cross-sensor misalignment
[16], and supervision imbalance persist [25], motivating our
method, which introduces a geometry-aware shared feature
space and leverages attention mechanisms to achieve more
balanced multimodal integration.

Visual Representation in Robot Learning. Across IL and
reinforcement learning, robots consume RGB, RGB-D, and
point clouds, with different trade-offs between semantic
detail and geometric invariance. Recent systems employ
cross-modal attention or structured latent spaces to integrate
these cues for policy learning [16]. Yet principled 2D-3D
fusion remains uncommon: many methods still rely on a
single modality or naive concatenation that underutilizes
complementary strengths. We therefore propose to explicitly
align modalities and regularize their balanced use, enabling
stronger representations and better out-of-distribution gener-
alization.

1. METHOD

VGDP outputs actions a from random noise ar ~ N (0, I)
conditioned on observation c. We learn such a denoising pro-
cess with a denoising network D, as illustrated in Equation

D).

a=Dy(ar, c) (D

Our goal is to learn an informative and generalizable
observation representation ¢, and we believe the key lies
in fusing the naturally complementary visual and 3D ob-
servation space. Following such a design, we build VGDP
as demonstrated in Figure 2 with the following components:
(a) Perception, (b) Integration, and (c) Decision.

A. Perception

The perception module consists of three independent en-
coders that respectively process the image, the geometry, and
the low-dimensional features. For simplicity, we use a single-
view RGB-D camera for both visual encoders.

o Image Encoder: High-dimensional RGB observations
can be encoded by a variety of backbones. For data
efficiency and real-time latency, we adopt a ResNet-
18 [26] image encoder. Concretely, a 256x256 RGB
frame is processed by ResNet-18 followed by global
average pooling to produce a 512-dimensional global
feature used in downstream fusion.

e 3D Encoder: 3D scenes can be parameterized in many
ways—RGB-D [27], point clouds [28] [29], voxels [30],
implicit fields [31], even 3D Gaussians [32]. We adopt a
point-cloud, geometry-first representation for its robust-
ness and ease of generalization. From a single RGB-D
frame, depth is back-projected to a metric cloud, then
cropped to the task workspace. To balance coverage
and compute, Farthest Point Sampling (FPS) is applied
for down-sampling the point cloud to 4096 points. The
DP3 encoder [1], a light-weight yet effective adaptation
of PointNet, distills the down-sampled points into a
compact 64-dimensional global feature.

o Low-dim Encoder: For encoding robot state, we use a
light-weight MLP network as shown in Figure 2 to map
the joint positions to a higher-dimensional space.

B. Integration

Our integration module implements a Complementarity-
Aware Fusion Layer that combines RGB images, point
clouds, and low-dimensional robot states into a unified policy
representation. Rather than relying on architecture alone, the
layer is designed to prevent modality collapse and encourage
balanced use of complementary cues.

At its core is a modality-dropout operation: with prob-
ability p=0.2, the RGB or 3D branch is randomly disabled
before fusion. This structured perturbation serves as the
primary regularizer of VGDP, forcing the policy to develop
modality-invariant and complementary structure and making
the fused representation far more expressive and robust to
missing or corrupted observations [33], [34].

After dropout, surviving features are projected into a
shared 256-dimensional space, where a lightweight bidi-
rectional cross-attention layer performs minimal interaction
between modalities. Residual connections preserve unimodal
competence, and a final element-wise dropout further dis-
courages co-adaptation, producing a stable and well-balanced
latent representation that is passed to the decision head.

C. Decision

VGDP adopts a diffusion-policy [1] head for action selec-
tion. Starting from noised action ar, the policy iteratively
denoises an action sequence conditioned on the fused context
c. Here, c denotes the shared latent representation produced
by the integration module, aggregating RGB images, point-
clouds, and low-dimensional state features.

Training. The action is noised for a random step 7', as
shown in Equation (2):

a; =+/1—Bra—1 +

where (; is a hyperparameter, and ¢; is Gaussian Noise. In
the diffusion step ¢, the network predicts the noise as

Bi € 2

€e=cg(as, t|c), 3)
and is trained with the standard L2 objective;

;Cdiff = E{HG —€

.- *)

Inference. At inference, we initialize ar ~ A(0,I) and
repeatedly condition on c to denoise toward an executable
action sequence.

IV. SIMULATION EXPERIMENTS

We conduct comprehensive simulation benchmarking and
ablations across 18 simulated tasks comparing 7 observation
encoders.
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Fig. 3: Comparative Analysis of Encoder Performance. Figure 3a shows how different encoders perform across tasks,
with each task score averaged over the three randomization levels. Figure 3b depicts their performance across randomization

levels, where each level score is averaged over all tasks.

Relative Dispersion VGDP  RGB_resnetl8

RGBD_resnet18

RGBD_VIT RGBD_MultiViT  PointCloud_-DP3  PointCloud_spUnet

30% 52.80%
2.53% 32.72%

48.48%
35.01%

Cross-task |
Cross-randomization-level |

45.49% 43.86%
45.28% 37.23%

126.19%
5.06%

133.33%
15.43%

TABLE I: Cross-task and cross-randomization stability comparison. We evaluate the stability with relative dispersion of
success rates across-tasks or randomization levels. Lower relative fluctuation means more stable performance across different

tasks or observation distributions.

Task VGDP RGB.resnetl8 RGBD_resnetl8 RGBD_VIT RGBD_MultiViT  PointCloud_-DP3  PointCloud_spUnet
CloseBox 0.96 0.35 0.53 0.48 0.49 0.58 0.75
StackCube 0.03 0.1 0.06 0 0.01 0 0
AlphabetSoup 0.79 0.22 0.24 0.61 0.48 0 0

Butter 0.88 0.72 0.62 0.68 0.69 0 0
OrangelJuice 0.53 0.17 0.18 0.31 0.33 0.07 0.08
Tomato 0.72 0.08 0.11 0.13 0.14 0 0

Average 0.65 0.27 0.29 0.32 0.33 0.11 0.14

TABLE II: Cross-task performance comparison of simulation benchmark. VGDP prevails over all others on almost all
tasks, with an average absolute improvement of 40.11% and a smaller variance. VGDP also achieves high success rate(72%)
for task that all others nearly fail(averaged performance <15%).

Level | VGDP RGB.resnetl8 RGBD_resnetl8 RGBD_VIT RGBD_MultiViT  PointCloud_DP3  PointCloud_spUnet
LO 0.68 0.46 0.43 0.44 0.48 0.12 0.19
L1 0.64 0.17 0.23 0.36 0.32 0.13 0.15
L2 0.64 0.19 0.21 0.20 0.20 0.08 0.08

TABLE III: Cross-randomization-level performance comparison of simulation benchmark. Each entry reports the average
success rate of an encoder at a given randomization level, averaged over all tasks. VGDP exhibits near-invariant performance
while maintaining high performance, virtually unaffected by scene randomization; meanwhile, performance of other encoders
is either low across all randomization levels, or drops rapidly when randomization enhances.

A. Benchmark Design and Setup

Baseline Models. We compare VGDP against six baselines
that span 2D, RGBD and 3D representations and various
network families (see Table II), including ResNetl18-RGB,
ResNet18-RGB-D [35], ViT-RGBD, MultiViT-RGBD [36],
DP3 [3] and SparseUNet [37]. For fair comparison, all
methods share the same diffusion-policy head for action
generation.

Simulation Benchmark. We evaluated models in simulation
on 18 tasks drawn from RoboVerse. These tasks span mul-
tiple mainstream benchmarks—such as Libero-objects [38],
Maniskill [39]-[41] and RLBench [42]—and are executed on

diverse simulators with varying degrees of visual randomiza-
tion. This setup ensures that the benchmarking results are not
biased toward any specific task set or simulator.

o Benchmark Platform and Setup. Simulation studies
have long been hampered by the sim-to-real (Sim2Real)
gap. To mitigate this, we initially build our benchmark
on RoboVerse [19], a unified platform that integrates
widely used simulators with a consistent API and
configuration, allowing apples-to-apples comparisons in
diverse tasks and engines. Each task is trained with
100 demos and 200 trials evaluated, equally covering
in-distribution and OOD scenes. RoboVerse supports



Fig. 4: Environments under Different Randomization
Levels. The three brackets, named LO, L1 and L2, demon-
strate example randomization in materials, positions and
viewpoints of the same task across different randomization
levels.

Level materials table position  camera pos
LO X X X
L1 v v X
L2 v v v

TABLE IV: Randomization factors at different levels.
Level 1 randomizes wall, table, and object materials and
rotates the table arbitrarily; Level 2 further randomizes
camera positions from a predefined pool.

controlled randomization of lighting, textures/materials,
specular reflectances, and camera poses; for each task,
we define three randomization levels (see Table IV and
Figure 4).

o Task Suite. Our simulation benchmark includes tasks
originating from two mainstream benchmarks: Libero,
RLBench and Maniskill, which include diverse tasks
that require precise control, articulated-object manipula-
tion, and deformable-object manipulation. The variance
of tasks combined with randomization of scenarios
makes our benchmarking both challenging and compre-
hensive, enabling a more faithful evaluation of policy
generalization against visual and physical variations.

B. Effective Modeling of Visual Changes

VGDP attains the highest success rates in all three ran-
domization levels, outperforming unimodal baselines by an
average of 39.1%, as demonstrated in Table III. It reaches
72.3% success even on tasks where the two constituent
encoders—ResNet and DP3—fail completely when trained
individually (<1%), indicating a geometry-aware under-
standing that links dense RGB cues with viewpoint-invariant
3D structure. Equally important, its success rate varies only
by 2.53% between randomization levels (Figure 3b)—an sta-
bility gain ~ 11X over competitors—showing that coupling
fine-grained textures with 3D geometry yields both strong
absolute performance and exceptional robustness.

C. Stable Performance across Tasks

In addition to its robustness to visual randomization,
VGDP consistently demonstrates strong performance in a
wide spectrum of tasks, as detailed in Table II and Figure 3a.

Across various tasks, VGDP reduces the relative dispersion
of performance between tasks by 47.3% relative to the best
unimodal baseline, maintaining a high performance floor and
a narrow variance, as demonstrated by Table I. RGB/RGBD
policies remain sensitive to view-point noise, while 3D
encoders under-sample small targets and over-smooth local
details. VGDP’s soft cross-modal routing selects the most
reliable cue for consistent competence across heterogeneous
tasks.

D. Exceptional Generalization under Out-of-Distribution
scenarios

Apart from effectively and stably modeling widely-
distributed training data, it is also crucial whether a policy
can maintain such performance when evaluating on out-of-
distribution scenes. Under the strongest Level-2 randomiza-
tion, we estimate such ability from two perspectives: the
averaged IID and OOD success rate, and the performance
gap between IID and OOD scenes. VGDP delivers a 55.3%
higher mean success rate and a 59.5% smaller IID-OOD
gap than the 6 baselines, as demonstrated by Figure 1. While
baselines are either low in success rate or poor at generalizing
IID knowledge to OOD scenes, VGDP excels in both axes:
it captures transferable representations that support robust
generalization, underscoring the distinct strength of VGDP.

E. Ablation Study

To isolate where VGDP’s improvements come from, we
evaluate the key components of our fusion layer on Close-
Box across all randomization levels. The results reveal
a consistent pattern: cross-attention provides a useful
mechanism for exchanging information, but the major
performance gains arise only when fusion is paired
with complementarity-aware dropout. Without dropout,
multimodal models tend to collapse to whichever unimodal
signal is easier to fit, failing to realize true multimodal
benefits.

CBLO CBL1 CBL2

IID OOD | IID OOD | IID OOD
VGDP 1.00 097 | 094 095 | 095 0.95
w/o Residual 076 0.82 | 052 052 | 094 0.86
w/o Dropout 0.86 0.80 | 0.70 0.67 095 093
attention—-concat 0.80 0.76 | 0.87 086 | 0.69 0.66
attention—early fusion | 0.00  0.00 | 0.00 0.00 | 046  0.40
DP (RGB-only) 081 052 | 040 020 | 042 032
DP3 (PC-only) 0.82 0.60 | 073 077 | 0.82 0.38

TABLE V: Ablation study on CloseBox at three random-
ization levels. DP = RGB-only Diffusion Policy; DP3 =
point-cloud baseline.

1) Complementarity-Aware Dropout: Enforcing Balanced
Fusion: Modality-wise dropout is the critical factor that
prevents modality dominance. Removing dropout causes the
fused model to closely track the stronger unimodal encoder
under each randomization level (Table V).

At Level 0, RGB-only DP performs best (0.81/0.52), while
DP3 lags, and the fusion model without dropout mirrors this
behavior (0.86/0.80). At Level 1, DP3 becomes dominant
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Fig. 5: Real-world Benchmarks. We deploy VGDP in the real world with a Franka Arm across four challenging tasks,
including clutter scene manipulation (PickButter), 6-DoF cereal pouring (PourCereal), fine-grained handling over large spatial
generalization (FetchBottle) and precision-driven, force-aware insertion (InsertPlug).

(0.73/0.77), and the fused model again shifts toward the
point-cloud branch (0.70/0.67). At Level 2, the trend persists.

These trends show that without dropout, cross-attention
alone cannot stop the fusion module from collapsing
onto the dominant modality. Dropout counteracts this by
forcing the model to rely on complementary cues, leading to
a fused latent space that is significantly more expressive and
substantially more robust to OOD conditions.

2) Fusion Architecture: Cross-Attention vs. Concat vs.
Early Fusion: We further compare attention-based fusion
with two widely used alternatives—feature concatenation and
early fusion—under identical RGB and point-cloud encoders.

e Early fusion collapses entirely at Levels O and 1
(0.00), recovering slightly only under heavy viewpoint
variation. This pattern mirrors DP3, indicating that the
RGB branch is effectively unused.

¢ Concatenation performs consistently between DP and
DP3, suggesting that passive late fusion struggles to
exploit complementary structure.

e Cross-attention achieves the strongest fusion among
the three: it improves adaptability to viewpoint shifts
and allows bidirectional interaction between modalities.

However—and this is the key insight—cross-attention
delivers its full benefit only when combined with modality
dropout. With dropout, cross-attention enables rich cross-
modal alignment; without it, even attention-based fusion
collapses to a single dominant signal.

In summary, cross-attention is useful, but the decisive
boost in fused representation quality comes from the
complementarity constraint imposed by dropout.

V. REAL-WORLD EXPERIMENTS
A. Benchmark Setup

We evaluated VGDP on four real-world manipulation tasks
to probe both skill competence and adaptation under various

conditions. Expert demonstrations are collected via human
teleoperation with Gello [43] on a Franka Emika Panda arm
with a Franka gripper. All of the policies are trained for
3000 episodes on 100 demonstrations and evaluated on 25
trials, if not otherwise stated. Because real-world rollouts
are time-consuming, we only benchmark one representative
encoder for each of the four modalities: ResNet18 for RGB,
ResNet18-RGBD for RGBD [35], DP3 for point cloud [3],
and VGDP for multimodal encoders. In Figure 5, we present
a brief description of our real-world tasks.

o LiberoPickButter: 7 everyday objects of diverse sizes,
shapes and complex colors are placed on the desk, and
the policy should learn to pick the butter out from the
complex scene and place it into the basket. The setting
follows the same task in our simulation benchmark
strictly to quantitatively assess the Sim2Real gap.

o FetchBottle: A bottle is placed within a 39cm*33cm
rectangle that covers most of the robots’ operating area,
and the policy is required to pick the bottle up. This
task features precise control, as the cap of the bottle is
only of 2 centimeters in diameter. The training data are
collected with the bottle placed in 30 grid locations,
while evaluation is performed on all 143 grids, as
demonstrated in Figure 6.

e PourCereal: A bowl of cereal and a plate is placed on
the desk, and the policy should learn to pick up the bowl
and pour the cereal into the plate. The challenge lies
in the continuous control of complex 3D orientation,
where small angular errors can easily lead to spillage.

o InsertPlug: A tablet charging plug rests on the table
within a 20 cm x 20 cm area, with a power strip on
the opposite side. The policy must grasp the plug, lift
it, move it above the power strip, and insert it into a
socket so that the tablet turns on charging.



Task VGDP  DP(RGB) DP(RGBD) DP3
Pick Butter 100% 84% 80% 12%
Fetch Bottle | 22.38% 18% 2.10% 1.40%
Pour Cereal 100 % 88% 84% 80.00%
Insert Plug 36% 25% 16% 0%

TABLE VI: Real-world policy performance across four
tasks. Highest score per task is highlighted.

B. Spatial Generalization
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Fig. 6: Evaluation Results for Real-world Randomization.
The grid map represents a bird’s-eye-view of the workspace,
where each grid corresponds to a bottle placement during
evaluation. Policies are trained on expert demonstrations on
the 30 dotted grids and evaluated on all 143 positions. Dark-
green, light-green, and white represent IID success, OOD
success, and failure, respectively.

Practical imitation learning requires transferring skills to
novel spatial locations. We test this ability on a precise
FetchBottle task, where the 2 centimeters bottle cap demands
fine manipulation.

As demonstrated in Figure 6, VGDP and RGB encoders
generalize well, whereas point-cloud and RGBD methods
fail dramatically, often regressing toward familiar training
positions. Such poor performance likely stems from the
noisy nature of real-world depth images, which hampers 3D-
based models from learning robust and broadly generalizable
representations. This highlights the indispensable and robust
role of VGDP as a visual representation for real-world
deployment, where stable and noise-resilient features are
crucial for reliable robotic perception and control.

C. Fine-Detail Visual Cue Perception

(b) Socket shown with a
quarter for scale.

(a) Close-up view of the
insertion process.

Fig. 7: Key visual challenges in the InsertPlug task.

(a) The robot must insert the plug in a strictly vertical
direction into a narrow socket on every attempt, despite per-
turbations from varying grasp poses and the plug’s wobbling
during the forceful insertion process. (b) The size of the
socket is compared with a quarter to provide intuitive scale.

InsertPlug reveals a qualitatively different challenge from
our other tasks. As demonstrated in Figure 7, successful
insertion requires the robot to drive the plug downward
along an almost perfectly vertical axis, with enough force
to overcome socket friction. Under this physical regime,
even slight lateral deviation produces large torque that im-
mediately triggers safety stops. Because the gripper never
grasps the plug in a consistent pose, every trial begins with
a different plug—socket orientation—making any memorized
trajectory fundamentally unstable.

We evaluate the policy on 25 evenly distributed test points
across the workspace. As demonstrated in Figure 8, VGDP
achieves the most consistent success across all test locations,
outperforming RGB and RGBD and dramatically surpassing
DP3. Surprisingly, DP3 often fails at the grasping stage
itself. In contrast, VGDP and RGB/RGBD policies at least
reach the alignment phase, with VGDP showing the highest
robustness across varied grasp poses.

(a) VGDP

(b) DP(RGB) (c) DP(RGBD) (d) DP3

Fig. 8: Evaluation Results for Insert Plug. The grid map
represents a bird’s-eye-view of the workspace, where each
grid represents a position where the plug is placed during
evaluation; policies are trained on expert demonstrations on
all dotted grids and evaluated on selected 25 positions that
spans evenly across the workspace; grids colored in dark-
green and white represent success and failure, respectively.

D. Zero-Shot Transfer under Cross-Object, Cross-Device,
and Cross-Scene Shifts

To evaluate generalization beyond the training distribu-
tion [44], we measure VGDP’s robustness under six challeng-
ing zero-shot transfer conditions that span semantic variation,
geometric variation, and severe appearance changes. These
transfers cover three real-world tasks:

¢ PourCereal Object Transfer: replacing the target plate
with (1) a large semi-transparent drawer, (2) a medium
bowl, (3) a small yogurt cup.

o InsertPlug Device Transfer: (4) relocating the iPad to
a novel position, (5) replacing the iPad entirely with an
AirPods charger.

o FetchBottle Visual-Spatial Transfer: (6) testing under
strong color-cycling illumination and unseen placement
positions.



Fetch Bottle

Fig. 9: Zero-shot transfer settings. Illustration of the trans-
fer conditions used in our real-world evaluation. (Up): In
Pour Cereal, we replace the plate with containers of various
size and shape including: a drawer, a bowl and a yogurt cup.
(Down Left): In Insert Plug, we either replace the IPad with
an airpods case or move the IPad to a new position. (Down
Right) In Fetch Bottle, we replace the original lighting with
a strong color-cycling illumination.

Results. VGDP achieves a perfect 8/9 zero-shot success
rate, while unimodal baselines fail inconsistently across the
six settings. Table VII and Figure 10 summarizes the results.

Drawer Bowl Yogurt Position AirPods Light Strip
VGDP v v v v v v
DP(RGB) v v X v X X
DP(RGBD) v X X X v X
DP3 v v X X X v

TABLE VII: Zero-shot transfer across unseen objects,
devices, and visual conditions. VGDP succeeds on all
six transfer scenarios, while unimodal baselines exhibit
modality-specific weaknesses.

mEEEN VGDP XV v |V
N e DPRGB) || X | X | X | X
m-E - - DP(RGBD) || X | X | X | X
ONOEONONC DP3 X | x| x|V

Fig. 10: Spatial zero-shot transfer in FetchBottle. VGDP
succeeds on three of four OOD positions, while unimodal
baselines fail consistently.

Unified Analysis. Together, these six transfer settings span a
broad spectrum of real-world distribution shifts: (1) seman-
tic (new containers, new devices), (2) geometric (different
receptacle shapes and insertion hardware), (3) visual (harsh
RGB lighting changes), and (4) spatial (unseen placements
and workspace offsets).

The results in Table VII show clear differences across
policies. RGB and RGBD policies succeed on the Drawer
and Bowl settings but fail consistently on Yogurt, AirPods,
and Light-Strip illumination. Their performance also de-
creases under unseen placement shifts. DP3 handles Drawer
and Bowl reliably and succeeds under Light-Strip variation,
yet fails on Yogurt, AirPods, and unseen-position transfer.
VGDP, in contrast, succeeds in all six transfer settings,

including the challenging Yogurt container, the reflective
AirPods charger, and the strong color-cycling illumination.

These results indicate that VGDP is the only policy
that maintains reliable zero-shot transfer across all types of
distribution shift.

VI. CONCLUSIONS

We present VGDP, a multimodal policy centered on a
Complementarity-Aware Fusion Module that enforces bal-
anced and redundant use of RGB and 3D geometry. It
dynamically integrates information from distinct modali-
ties through a bidirectional cross-attention layer, while en-
couraging balanced representations across modalities via
lightweight yet effective dropout and encoding. Across 18
simulated and four real-world tasks featuring appearance
shifts, spatial disturbances, and fine-grained control, VGDP
outperforms strong 2D/3D/RGB-D baselines by an average
of 39.1%, and attains 72.3% success on tasks where ResNet-
only and DP3-only policies fail (<1%). Ablations indicate
that gains come from preserving rich RGB cues, enforcing
balanced modality use, and adopting cross-attentive fusion
over static combinations.

VII. LIMITATIONS & FUTURE WORK

We have benchmarked VGDP mainly on tasks from RL-
Bench and Libero-objects, deploying only on Franka Arm
with Franka Gripper, using RoboVerse as the benchmarking
platform. The performance of VGDP on higher-dimensional
robot state space (e.g. Dexterous hands), on wider range of
benchmarks (e.g. MetaWorld [45]) and on decision back-
bones beyond diffusion policy (e.g. Action Chunking ??) is
yet to be discovered. In future work, we will systematically
explore the performance boundaries of VGDP by evaluating
it across more diverse robotic platforms, task families, and
control paradigms.
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