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Abstract—Robot manipulation policies that generate actions
from visual observations and language instructions have achieved
promising progress, yet robust scene understanding remains
a major challenge, especially for precise manipulation tasks.
Methods relying solely on 2D visual representations capture
high-level semantics but lack spatial awareness, while existing
3D-enhanced approaches fail to preserve fine-grained geometric
details and local semantic–geometric correspondences. This lim-
itation suggests that effectively combining semantic information
from pretrained visual encoders with detailed local 3D geometry
is crucial for enabling precise and reliable manipulation. To
address these limitations, we propose PatchAlign, a patch-level
cross-modal fusion framework that explicitly aligns RGB image
patches with local 3D geometric regions. Semantically rich image
patches are extracted using a frozen pretrained visual encoder,
while 3D geometry is captured via a lightweight clustering
strategy. By establishing patch-level semantic–geometric corre-
spondences, our method enables precise local reasoning without
compromising the generalization of pretrained vision-language
models. We evaluate our method on multiple manipulation bench-
marks across diverse tasks. Experimental results demonstrate
that the proposed framework consistently improves manipulation
performance and robustness, particularly in scenarios requiring
fine-grained spatial reasoning and precise object interactions.
We believe this work presents an effective framework for fine-
grained cross-modal fusion, offering new insights into leveraging
3D geometry in vision-language-action learning.

Index Terms—Vision-Language-Action Models, Robotic Ma-
nipulation, 3D Scene Representation

I. INTRODUCTION

Integrating visual observations with language instructions
for action generation has emerged as a promising approach
for building multi-task robotic manipulation policies. Recent
methods [1]–[7] have achieved significant progress by lever-
aging large-scale pretrained visual encoders. However, while
these 2D-centric representations excel at capturing high-level
semantic information for instruction following, they inherently
lack the precise depth and spatial awareness required for
fine-grained object interaction. This deficiency in capturing
3D geometric nuances often leads to performance bottlenecks
in complex manipulation tasks that demand sub-centimeter
accuracy. Consequently, effectively bridging semantically rich
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2D features with explicit 3D geometric structure is essential
for enabling robust and precise robotic manipulation.

Building upon this motivation, recent research on manip-
ulation policies has explored various strategies to integrate
3D geometric information. One line of work preserves pre-
trained visual encoders by projecting 3D information into
two-dimensional representations and predicting actions via 2D
heatmaps [8], but the indirect use of geometry limits their
ability to fully exploit spatial structure. Other methods inject
3D positional encodings into vision-language backbones [9]–
[11], enabling spatial awareness without major architectural
changes, yet often operating at a coarse level and sacrificing
fine-grained geometric detail. Another line of research treats
3D data as an additional modality [12], [13], typically in-
tegrating global point cloud features through feature fusion
or direct injection into the action expert. While these ap-
proaches incorporate explicit 3D cues, they fail to capture
fine-grained local geometry and precise semantic–geometric
correspondences, motivating the question: how can we exploit
fine-grained 3D structure while maintaining alignment with
pretrained 2D semantic representations?

We observe that effective integration of RGB and 3D
modalities hinges on the spatial granularity at which semantic
representations are organized. Pretrained visual encoders nat-
urally structure semantic information at the image-patch level,
where each patch serves as a minimal and meaningful unit
for semantic abstraction. This suggests that patch-level repre-
sentations provide a natural interface for semantic–geometric
fusion.

Guided by this insight, we introduce PatchAlign, a patch-
level cross-modal fusion strategy that aligns RGB semantics
and 3D geometry at a shared spatial granularity. PatchAlign
leverages a frozen pretrained visual encoder to extract seman-
tically rich image patch features, while a point cloud encoder
captures detailed three-dimensional geometric representations
through localized regions. By explicitly associating each image
patch with its corresponding local 3D geometric features,
the proposed approach enables precise semantic–geometric
interaction at the patch level, without compromising the gen-
eralization capabilities of pretrained vision-language models.
As a result, PatchAlign overcomes the limitations of global
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Fig. 1: Network Architecture. RGB images and 3D point clouds are encoded via CLIP and PointNet, with point clouds
processed through KNN-based local grouping and spatially aligned with image features via nearest-neighbor fusion, producing
multi-modal scene tokens that are fed into a diffusion transformer for action prediction.

or coarse-grained fusion and provides a principled mechanism
for integrating 2D semantics with fine-grained 3D geometry
in manipulation policies.

We evaluate the proposed approach across multiple simu-
lated environments. On the multi-task RLBench [14] bench-
mark, our method achieves an average success rate of 88%,
yielding a 10% absolute improvement over a strong 3D
diffusion-based baseline [11], demonstrating its effectiveness
in complex multi-task scenarios. On the CALVIN [15] bench-
mark, our method consistently outperforms the baseline and
improves the average success rate by 11.3%, highlighting
its robustness across diverse manipulation settings. Extensive
ablation studies further confirm the effectiveness of our design,
showing that both geometric clustering and alignment-aware
fusion are essential to the final performance. These results
indicate that fine-grained alignment leads to more reliable and
spatially grounded action prediction.

II. RELATED WORK

A. Robot Manipulation Policies

Early works like CLIPort [16] leveraged pretrained se-
mantic priors for pick-and-place tasks. Subsequent studies,
such as Octo [6], scaled performance by training diffusion
policies on massive robot datasets. While powerful, these
data-driven approaches incur high costs and rely on extensive
robot trajectories. Recent methods incorporate large VLMs as
perceptual backbones [2], [17]–[20] to enable open-vocabulary
reasoning. However, they remain heavily dependent on large-
scale pretraining and extensive fine-tuning. Overall, existing
vision-language-conditioned policies typically rely on large-
scale pretraining or massive robot datasets and often struggle
in data-limited settings. Motivated by this limitation, we focus

on improving learning efficiency by developing more effective
visual–geometric fusion strategies.

B. 3D Scene Representations for Robotic Manipulation

Early robot manipulation policies relied on 2D images for
action prediction, limiting their geometric reasoning ability.
To incorporate explicit 3D structure, various approaches have
been explored. For example, PerAct [21] discretizes space
into 3D grids using voxel representations, while Act3D [22]
leverages 3D query points for focus. RVT [23] instead adopts
multi-view RGB-D reprojection to infer 3D poses. 3D Diffu-
sion Policy [24] processes point clouds with a PointNet-based
encoder and demonstrates strong multi-task performance, but
lacks rich semantic priors from large-scale RGB pre-training.
To address this limitation, recent methods integrate 3D ge-
ometry into pre-trained vision-language models. For instance,
LLaVA3D [9] augments a VLM backbone with 3D positional
encodings, which often require substantial retraining on 3D
embodied data to realign visual-language representations.

C. Point Cloud Integration in Action Policy Learning

Instead of modifying the visual backbone, some works
treat point clouds as a new modality and focus on fusion
techniques. PointVLA [12] injects point cloud features into
a frozen action expert. This preserves the expert’s original
performance but limits adaptation to 3D geometry. Other
methods such as GeoVLA [13] encode RGB and point clouds
separately and fuse global features. However, they often lack
fine-grained spatial alignment, struggling with complex scenes
precise manipulation. In summary, existing approaches lack a
mechanism to integrate 3D geometry with 2D semantics at a
sufficiently detailed level. In contrast, our model introduces a
patch-level fusion method which enables a more precise and
spatially-grounded reasoning for manipulation tasks.



III. METHODOLOGY

A. Policy Architecture

We consider a diffusion-based visuomotor policy architec-
ture for action generation. As illustrated in Figure 1, the policy
consists of two main components: a multi-modal tokenization
stage that converts heterogeneous inputs into a unified token
sequence, and an action expert that predicts robotic actions
through an iterative denoising process. Specifically, the model
takes two types of visual observations as input: RGB images
and point clouds. These observations, along with gripper
history, are tokenized to produce tokenized representations,
while language instructions are encoded using a pretrained
language encoder. The resulting tokens, together with a noisy
trajectory, are fed into a diffusion transformer, which integrates
all modalities through cross-attention layers to predict the
robot’s actions. The transformer predicts the noise component
added to the trajectory during the forward diffusion process.
The denoised tokens are aggregated via self-attention heads
and mapped to an 8-dimensional action vector, consisting of a
7-DoF end-effector pose and a 1-dimensional gripper openness
value.

B. Patch-Level Semantic-Geometric Alignment

Although modern visuomotor policies are trained end-to-
end on robotic datasets, their semantic understanding largely
stems from pretrained visual and language encoders. These
encoders usually provide strong semantic priors but lack
explicit 3D structural reasoning.

A common strategy is to encode the entire point cloud
into a single global feature and inject it into the policy
network [12], [13]. While widely adopted, this approach has
inherent limitations. First, aggressive spatial pooling discards
local geometric variations critical for object-level interaction.
Second, global features lack explicit spatial correspondence
with image representations, hindering fine-grained seman-
tic–geometric alignment for precise manipulation.

Inspired by recent advances in 3D representation learning
[25], which structure point clouds into localized geometric
groups and encode them as region-level tokens, we argue that
3D information should be incorporated in a spatially localized
and alignment-aware manner. Specifically, we represent point
clouds as local geometric regions and align them with patch-
level visual features, yielding a unified representation that
preserves semantic priors from pretrained 2D models while
enhancing fine-grained geometric awareness.

C. Region-Based Geometric Encoding

A key challenge in incorporating 3D point clouds lies in how
to represent raw geometry in a form that is both informative
for manipulation and compatible with 2D-centric semantic
encoders. To address this issue, we construct a set of localized
geometric regions that explicitly preserve fine-grained spatial
structure while remaining lightweight and scalable.

Specifically, given an input point cloud P ∈ RN×3, we first
apply downsample it to N ′ points, ensuring uniform spatial
coverage of the scene. From the downsampled set, we use

Farthest Point Sampling (FPS) to select K center points ckKk=1,
each serving as an anchor for a local geometric region. For
each center ck, we retrieve its M nearest neighbors using K-
Nearest Neighbors (KNN), forming a localized point group

Nk = {p(k)1 , p
(k)
2 , . . . , p

(k)
M }.

Each local group is then encoded independently using
a lightweight PointNet to produce a region-level geometric
feature f pc

k ∈ Rdg . Compared to global point cloud descriptors,
this region-based representation retains local geometric details
such as surface orientation, spatial extent, and relative layout,
which are essential for precise object manipulation.

D. Alignment-Aware Scene Representation

While pretrained visual encoders provide strong semantic
priors, their outputs are inherently spatial and patch-based.
Therefore, effective multi-modal fusion requires establishing
correspondence between local image features and localized
3D geometry.

We employ a CLIP [26] pre-trained ResNet-50 [27] as the
visual feature extractor. Given an input image I ∈ R256×256×3,
the encoder outputs a spatial feature map F img ∈ R32×32×dv ,
where dv is the feature dimension. During training, we freeze
all parameters of the visual encoder to preserve its pretrained
semantic priors and ensure stable cross-modal alignment.

We perform multi-modal fusion via nearest-neighbor feature
concatenation, which has been shown to be more effective
than attention-based alternatives in similar settings [28]. To
establish spatial correspondence, the 3D point cloud is spa-
tially aligned with the image feature map through resolution
matching. Specifically, the point cloud is downsampled and
associated with the spatial resolution of the visual feature map,
such that each image patch feature at location (i, j) is assigned
a corresponding 3D coordinate pij ∈ R3. For each pij , We
compute the Euclidean distance to all point cloud centers ck
and concatenate the image feature with the nearest geometric
feature:

tij =
[
F img
ij ‖ f

pc
k∗

]
, k∗ = argmin

k
‖pij − ck‖2,

where ‖ denotes concatenation.
This yields a set of spatially aligned scene tokens {tij}32i,j=1,

which serve as structured inputs to the downstream diffusion-
based action model.

E. Implementation Details

To effectively model multi-modal visuomotor policies, we
adopt a diffusion-based framework that has shown strong
performance in 3D manipulation tasks [11]. Building on this
foundation, we extend the original architecture by replacing
the RGB tokens with our proposed scene representation,
where each token encodes patch-level semantic information
and spatially aligned local 3D geometry. This modification
enables the policy to incorporate fine-grained geometric cues
directly into the decision-making process, enhancing its spatial
reasoning and action precision.



TABLE I: Evaluation on RLBench. Success rates (%) for different manipulation tasks.

Method
Success rate (%) Avg. (%)

close
jar

open
drawer

sweep to
dustpan

meat off
grill

turn
tap

slide
block

put in
drawer

drag
stick

push
buttons

stack
blocks

GNFactor 25.3 76.0 28.0 57.3 50.7 20.0 0.0 37.3 18.7 4.0 31.7
Act3D 52.0±5.7 84.0±8.6 80.0±9.8 66.7±1.9 64.0±5.7 100.0±0.0 54.7±3.8 86.7±1.9 64.0±1.9 0.0±0.0 65.3
3DDA 82.7±1.9 89.3±7.5 94.7±1.9 88.0±5.7 80.0±8.6 92.0±0.0 77.3±3.8 98.7±1.9 69.3±5.0 12.0±3.7 78.4
Ours 93.3±4.6 98.7±2.3 98.7±2.3 96.0±4.0 84.0±8.0 84.0±10.6 97.3±4.6 94.7±9.2 94.7±2.3 46.0±4.0 88.7

TABLE II: Evaluation on CALVIN. Success rates (%) for different manipulation tasks.

Method
Success rate (%)

Avg. (%)lift
slider

open
drawer

move
slider right

stack
block

rotate
block

push
block

3DDA 36 56 84 4 12 44 39.3
Ours 32 80 100 28 24 40 50.6

TABLE III: Ablation Study. We ablate key design choices in both point cloud representation and fusion method.

Method
Point Cloud Representation Fusion Method

Avg.
(%)Clustering Patching Neighboring

Fusion
Global

Tokenization
Global

Injection

Ex0 X X 85.3 (↓3.4)
Ex1 X X 78.2 (↓10.5)
Ex2 X X 80.6 (↓8.1)
Ours X X 88.7

For geometric region construction, we adopt a lightweight
clustering strategy that balances representational fidelity and
computational efficiency. Unlike object-level point clouds
commonly used in 3D recognition, our input consists of
surface observations captured from a single viewpoint, with-
out access to interior geometry. Following prior point cloud
processing methods [29], we first downsample the point cloud.
We then select region centers with a stride of 4, and construct
local neighborhoods by grouping the 32 nearest points for each
center. This configuration provides sufficient local geometric
context while keeping computation manageable, leading to sta-
ble training and strong performance across tasks, as validated
in our ablation studies.

The model is trained on four NVIDIA A100 GPUs using the
Adam optimizer with a learning rate of 1× 10−4 and a batch
size of 160. This configuration provides stable optimization
and is used consistently across all experiments.

IV. EXPERIMENTS

A. Evaluation on RLBench

We evaluate our method in RLBench [14], a widely used
robotic benchmark built on the CoppeliaSim [30] simulator
and manipulated with a Franka Panda robotic arm. In this
environment, the policy predicts the next key end-effector
pose. This predicted pose is then passed to the built-in BiRRT
[31] motion planner for trajectory generation and execution.

Baseline. We adopt 3D Diffuser Actor as the primary
baseline, which is a representative visuomotor policy that
integrates 3D representations with diffusion models. We also

report the success rates of GNFactor [32] and Act3D [22].
The reported baseline results are obtained from their respective
original papers.

Settings. All methods, including the baseline, are trained
in a multi-task learning setup. To specifically assess the
effectiveness of point cloud utilization, we restrict the input
to a single forward-facing RGB-D camera. We follow the
single-view benchmark protocol introduced in 3D Diffuser
Actor and adopt the same set of ten manipulation tasks for
both training and evaluation. For each task, we use 100
expert demonstrations for training and report the average
success rate on 25 evaluation trials. The overall performance is
summarized by the mean success rate in all 10 tasks, enabling
a comprehensive comparison across methods.

Results. As shown in Table I, our method achieves the
highest average success rate of 88.7% on RLBench under
the single-view RGB-D setting, surpassing the best baseline
(3DDA) by 10.3% and demonstrating clear improvements over
Act3D (65.3%) and GNFactor (31.7%). Performance gains
are evident in tasks that require precise geometric reasoning
and accurate spatial alignment, where leveraging detailed 3D
structure is critical for successful execution. These results
demonstrate the importance of explicitly encoded, spatially
aligned 3D geometry in precise manipulation.

B. Evaluation on Calvin

We also evaluate our method on the CALVIN [15] bench-
mark, a simulated tabletop manipulation environment built
upon the PyBullet [33] physics engine. In CALVIN, since no
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motion planner is provided, we directly predict end-effector
pose trajectories from inputs.

Settings. To reduce computational cost, we select 6 distinct
tasks from CALVIN for multi-task training and evaluation. We
use the labeled demonstration data provided in the CALVIN
dataset, with 150 expert trajectories per task, and report the
success rate for 25 evaluation trials.

Results. As shown in Table II, our method achieves an
overall success rate of 50.6%, surpassing the 3DDA baseline
by 11.3%. Our method consistently outperforms the 3DDA
baseline on most of the evaluated tasks, and demonstrates
substantial advancements in those tasks that require more
precise geometric reasoning, such as stack block and ro-
tate block. These results suggest that patch-level semantic-
geometric alignment contributes to more robust and accurate
manipulation.

C. Ablation Study

We conduct a comprehensive ablation study to dissect the
contribution of our proposed point cloud representation and
fusion strategy. Since our method is built upon 3D Diffuser
Actor (3DDA), the variant without point cloud fusion is
equivalent to the original 3DDA and is treated as the baseline.

Point Cloud Representation. We first ablate how point
clouds are structured and encoded within the network. Beyond
our cluster-based approach, we evaluate the following:

Ex0 Patch-based incorporation. As illustrated in Fig. 3,
instead of geometry-aware clustering, we adopt fixed grid
partitioning aligned with the image plane. The point cloud
is segmented into patches that correspond directly to the 8×8
pixel regions of the RGB feature map, treating 3D geometry
as a set of spatially fixed 2.5D windows.

Fusion Strategy. Given a structured representation, we next
ablate how to integrate it into the policy. We use two different
approaches, which is shown in Fig. 2.

Ex1 Global tokenization. We extract a global point cloud
feature via max-pooling, assign it with the 3D position of the
end-effector, and concatenate it with other input tokens as an
additional 3D token.

Ex2 Global injection. The global point cloud feature is
concatenated with the intermediate features before the self-
attention layers within the action expert’s diffusion trans-
former.

Results. Table III presents the ablation study. Our patch-
based approach shows clear advantages over the baseline,
highlighting the value of incorporating 3D geometry. However,
fixed-grid partitioning can produce mixed patches spanning
multiple objects, which is suboptimal for PointNet encoders
relying on local structure.

For feature fusion, simply appending global 3D features
(Ex1) offers limited improvement, while injecting features
into the action expert (Ex2) improves geometric awareness
but can hurt visual-semantic reasoning, as seen in tasks like
slide blocks. These results suggest that effective 3D integra-
tion requires not only adding geometry but also preserving
alignment with existing visual features.

V. CONCLUSION

In this work, we present PatchAlign, a unified framework
that integrates point cloud representations with RGB features
for robust 3D perception and decision making. Unlike prior
methods relying on global feature fusion or 2D projections, our
approach achieves fine-grained semantic-geometric alignment



by establishing correspondences between image patch features
and locally clustered point cloud features.

Extensive experiments on both RLBench and CALVIN
benchmarks demonstrate that our method consistently out-
performs strong 3D diffusion baselines, achieving significant
improvements in tasks requiring precise spatial reasoning.
Through additional ablation studies, we show that our method
achieves better results than its ablated alternatives, validat-
ing the effectiveness of jointly optimizing representation and
fusion strategies. This demonstrates that fine-grained 3D-2D
alignment is a key enabler for robust and precise visuomotor
control in language-conditioned tasks.

Looking ahead, PatchAlign opens avenues for multi-view
3D observations and real-world robotic deployment, bridging
semantic understanding and geometric reasoning for robust
manipulation in open-world environments.
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