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Abstract: Vision-language-action (VLA) models predict robot actions from vi-
sual observations and language instructions. These actions are defined in the
robot’s own 3D coordinate frame, yet most VLAs observe the scene in the camera
frame, creating a frame mismatch between where the scene is observed and where
actions are defined. The mismatch is benign under a fixed viewpoint, where the
policy can memorize a single observation-to-action mapping, but grows harder as
large-scale datasets aggregate demonstrations across diverse camera setups and
the policy must generalize this mapping across viewpoints. We address this mis-
match with robot-centric pointmaps, images whose pixels store the 3D coordinates
of scene points in the robot frame. Pointmaps provide robot-frame 3D geometry
while preserving the dense H × W grid expected by pretrained 2D VLAs, so
they integrate into existing VLAs with minimal architectural change. On Robo-
Casa, pointmaps improve both π0.5 and SmolVLA and outperform representative
camera-viewpoint and 3D-aware baselines. In real-robot experiments, their advan-
tage over an RGB-only policy widens when the camera is moved to a placement
unseen during training. The project page is available here.
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1 Introduction

Vision-language-action (VLA) models learn robotic manipulation policies from large-scale datasets,
predicting actions from visual observations and language instructions. These actions are commonly
defined in the robot’s own 3D coordinate frame (e.g., task-space end-effector commands in the robot
base frame), so reliable manipulation requires reasoning about where the target object lies in metric
3D coordinates relative to the robot. However, most VLAs receive observations in the camera frame,
whether as RGB images or depth maps [1–5]. This creates a frame mismatch: the policy observes
the scene in the camera frame but predicts actions in the robot frame.

This frame mismatch becomes harder to handle when training data spans diverse camera viewpoints,
as large-scale datasets increasingly aggregate demonstrations across institutions with different cam-
era setups [6–8]. Under a fixed camera viewpoint, all observations share the same viewpoint relative
to the robot, so a single observation-to-action mapping remains consistent across the dataset. Under
a wide range of viewpoints, this no longer holds: the policy must additionally learn how obser-
vations from different viewpoints map to the robot-frame actions they should produce. The frame
mismatch is present in both cases, but only under viewpoint variation must the policy generalize the
observation-to-action mapping across viewpoints rather than memorize a single one.

This motivates revising the policy’s input observation: rather than making the policy infer robot-
frame actions from camera-frame observations, we provide observations that already carry (1) 3D
spatial information for manipulation and (2) that information in the robot’s own coordinate frame.
As shown in Fig. 1, depth maps provide 3D cues, but remain tied to the camera frame rather than
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Figure 1: Robot-centric pointmaps provide 3D geometry aligned with robot-frame actions.
Large-scale training data is collected from diverse camera viewpoints around the robot. Robot-
centric pointmaps preserve the dense H×W grid expected by pretrained 2D VLAs while providing
robot-centric 3D geometry.

the robot frame. A point cloud can provide robot-centric 3D geometry, but it discards the regular
H × W image grid used by pretrained 2D VLAs, making seamless integration difficult. It also
reduces the dense observation to a sparse set of 3D points, which may lose fine-grained details
useful for manipulation. These trade-offs suggest the need for an input that provides robot-frame 3D
geometry while preserving the image-form structure of RGB observations.
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Figure 2: Observations from different cam-
era frames are expressed in the coordinate
frame where robot actions are defined.

In this paper, we implement this idea with robot-
centric pointmaps as inputs to pretrained VLAs. A
robot-centric pointmap is an image whose pixels store
the 3D coordinates of the corresponding scene points
in the robot frame. Fig. 2 shows how camera-frame
observations are expressed in the robot frame. We
first lift each RGB-D observation into 3D within its
camera frame, then transform it into the shared robot
frame in which actions are defined, while preserv-
ing the RGB image’s H × W layout. This lets the
pointmap integrate into existing 2D VLAs with min-
imal architectural change. We encode the pointmap
with a separate visual tower initialized from the RGB
encoder, then add the resulting pointmap tokens element-wise to the corresponding RGB tokens. It
requires no point cloud-specific encoder or voxelization module, and because pointmap tokens are
added onto the RGB tokens rather than concatenated, it introduces no extra tokens.

The core contribution of this work is a simple mechanism that injects robot-frame 3D geometry
into pretrained VLAs without a point cloud-specific encoder, along with a controlled analysis of the
design choices behind the pointmap input and their effect on performance. On RoboCasa [9], whose
training demonstrations include randomized camera viewpoints, our method improves π0.5 and
SmolVLA by +7.6 and +4.2 points, respectively, and outperforms representative camera-viewpoint
and 3D-aware baselines. In real-robot experiments with a Franka robot, with demonstrations col-
lected across multiple camera viewpoints, the gain over the RGB baseline grows from +5.0 points at
a training camera placement to +11.7 points at a held-out camera placement unseen during training.

2 Related Work

2.1 Handling Camera Viewpoint Variation in VLAs

Camera viewpoint variation degrades VLA performance [10, 11], and it arises in two distinct
regimes. At training time, large-scale datasets aggregate demonstrations across diverse camera se-
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tups [6–8, 12], so the policy must fit many viewpoints at once. At evaluation time, the deployment
camera may differ from those seen in training [13, 14], so the policy must generalize to an unseen
viewpoint. Our work primarily targets the training-time regime, and we additionally test generaliza-
tion to unseen evaluation cameras.

Existing methods can be grouped by how they supply viewpoint information. The first line leaves
the policy’s input observation as a camera-view image, supplying viewpoint information around it,
either as explicit camera or 3D positional cues [15–18] or as a camera-frame reparameterization of
the action labels [19]. In both, the policy’s visual input stays a camera-view image, so the scene is
never expressed in the robot frame that the actions live in. The second line synthesizes views, ei-
ther expanding training-time coverage [20, 21] or canonicalizing test-time views toward the training
distribution [22, 23], but both rely on a generative model whose synthesis grows unreliable for view-
points far from the training views, capping the robustness they offer. The third line, closest to ours,
acts on the observation itself by building shared 3D scene representations [24, 25], yet these repre-
sentations no longer retain the image structure that pretrained VLAs expect. We instead express the
observation as a robot-centric pointmap, which keeps that structure while assigning the same robot-
frame coordinate to a physical point across viewpoints. This gives viewpoint-diverse demonstrations
a consistent geometry, and the same invariance transfers to unseen evaluation cameras.

2.2 Injecting 3D Geometry into VLAs

Manipulation is inherently a 3D task, yet VLAs typically perceive the scene only through 2D RGB
images. A growing body of work therefore augments VLAs with explicit 3D geometry. These meth-
ods can be grouped by how they inject it, and each either adds a dedicated module or stage or forgoes
metric 3D at deployment. The first line attaches a dedicated 3D encoder or geometric expert [26–31],
introducing new modules that cannot inherit the VLA’s pretrained visual weights. The second line
re-renders the geometry as 2D views [32, 33] or predicts future 3D scenes with a generative world
model [34], adding a rendering or generation stage to every inference step. The third line leverages
a geometric foundation model, injecting its features as inputs [35] or aligning VLA features to them
during training [36], so at deployment the policy receives no metric 3D input. We instead provide
explicit geometry as a pointmap, an image whose pixels store 3D coordinates. Because pointmaps
retain the same H×W structure as RGB, the pointmap encoder reuses the pretrained weights of the
VLA’s RGB encoder, adding no point cloud-specific encoder and no per-inference stage while still
providing metric 3D input at deployment. Pointmaps are already a standard representation in mod-
ern 3D vision [37–44], and recent work applies them to from-scratch diffusion policies [45, 46]. Yet
their use within pretrained VLAs, and the frame in which to express them, remain underexplored.

3 Method

We reduce the observation-to-action frame mismatch by lifting each RGB-D observation into a
robot-centric pointmap before policy learning. Alongside the RGB input, the VLA receives a robot-
centric pointmap, encoded by a separate pointmap encoder and fused with the RGB visual tokens.
We detail the pointmap construction and the fusion mechanism below.

Robot-centric pointmap. Fig. 3 illustrates how an RGB-D observation is lifted into a camera-
frame pointmap and then expressed in the robot frame. Consider an RGB image of resolution H×W
captured by camera c, with intrinsics Kc, rotation Rc and translation tc from the camera frame to
the robot base frame, and per-pixel depth Dc. We first lift each pixel into a 3D point in the camera
frame,

P cam
c (u, v) = Dc(u, v)K

−1
c [u, v, 1]⊤. (1)

We then apply the camera-to-robot transform to express the point in the robot base frame,

PR
c (u, v) = RcP

cam
c (u, v) + tc. (2)
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Figure 3: RGB-D observations are lifted into
camera-frame pointmaps and transformed
into robot-frame pointmaps.

The robot-frame pointmap PR
c has the same H ×

W grid as the RGB image, with one 3D coordinate
per pixel. The same physical scene point receives
the same robot-frame coordinate regardless of the
camera viewpoint, although the pixel (u, v) where
it appears may change.

We additionally re-center the pointmap on the cur-
rent end effector,

PEE
c (u, v) = PR

c (u, v)− tEE, (3)

where tEE is the end-effector position in the robot
base frame. We refer to this as an end-effector-
centered pointmap. This centering expresses scene
geometry relative to the current end-effector posi-
tion. Because actions are defined as motions of that end effector, the observation and the action
space now share a common origin. We ablate this choice in Section 4.3.

Pointmap-RGB fusion. Because the pointmap preserves the same H×W grid as the RGB image,
we process it with a visual encoder of the same architecture as the one the VLA uses for RGB. We
use a separate pointmap encoder gϕ, initialized from the RGB encoder fθ, to map PEE

c into tokens
with the same shape as the RGB tokens. We add these tokens element-wise to the corresponding
RGB tokens,

zc = fθ(Ic) + gϕ(P
EE
c ) ∈ RNtok×d, (4)

where fθ is the RGB encoder and Ic is the RGB image of camera c. The fused tokens zc then serve
as the visual input to the VLA in place of the original RGB tokens, incorporating robot-centric 3D
geometry into the VLA’s existing visual stream without introducing a point cloud encoder, voxel
module, or additional token sequence.

4 Design Choices for Robot-Centric 3D Observations in VLAs

The previous sections motivate robot-centric pointmaps as a way to reduce the observation-to-action
frame mismatch under camera viewpoint variation. In this section, we isolate the design choices of
Section 3 through controlled studies. We hold the backbone and training recipe fixed while changing
only how 3D geometry is provided to the policy. We answer four questions:

RQ1. Does giving the policy camera information suffice under viewpoint variation, or must the
camera-to-robot transform be applied to the observation itself? (Section 4.1)

RQ2. Once 3D geometry is expressed in a robot-centric frame, should the 3D geometry be repre-
sented as an image-form pointmap or as a point cloud? (Section 4.2)

RQ3. Given an image-form pointmap, which coordinate origin best supports robustness to viewpoint
variation? (Section 4.3)

RQ4. Does our method remain robust to increasing training-time camera viewpoint variation? (Sec-
tion 4.4)

We run these controlled studies on RoboCasa [9], where each policy is trained on 50 human demon-
strations per task across 24 atomic tasks. Because RoboCasa randomizes camera viewpoints across
demonstrations by default, it directly exercises the viewpoint variation we study. For the VLA back-
bone, we use a π-style architecture [3] initialized from a base PaliGemma checkpoint [47] rather
than the robot-pretrained π checkpoint, removing large-scale robot pretraining as a confounding
factor. We use RoboCasa’s default randomization for the design ablations in Sections 4.1–4.3. For
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Table 1: Directly providing robot-centric 3D geometry vs. learning it. D/K/E indicate whether
depth, intrinsics, and extrinsics are provided to the model. The last two rows use the same depth and
calibration information, but differ in whether robot-frame geometry is pre-computed.

Input D K E Transform SR

RGB – – – None 27.9
RGB + Plücker – ✓ ✓ Learned 28.7
RGB + Plücker + Depth ✓ ✓ ✓ Learned 31.6
RGB + Pointmap ✓ ✓ ✓ Pre-computed 34.7

Section 4.4, we additionally vary the amount of camera randomization across demonstrations to
test whether our method remains robust as training-time viewpoint variation increases. Each variant
is trained for 30k steps and evaluated over 50 episodes per task. For all tables in this section, SR
denotes success rate.

4.1 Robot-frame pointmaps outperform conditioning on camera information

Under viewpoint variation, camera-frame observations force the policy to learn a viewpoint-
dependent mapping to robot-frame actions, whereas a robot-frame pointmap assigns each scene
point the same coordinate regardless of viewpoint. We therefore ask whether the policy should learn
this mapping from raw camera information, or whether pre-computing the camera-to-robot trans-
form, so the observation already carries robot-frame geometry, is more effective.

Table 1 compares four inputs, that differ in how much camera information they carry and whether it
is already converted into robot-frame geometry. While RGB provides neither depth nor camera cali-
bration, RGB + Plücker provides camera-ray information through per-pixel Plücker rays. A Plücker
ray is a six-dimensional encoding of the 3D ray passing through each image pixel, determined by the
camera intrinsics and extrinsics. Thus, Plücker rays tell the policy where each pixel lies relative to
the camera and how the camera is posed relative to the robot. RGB + Plücker + Depth additionally
provides per-pixel depth, so it contains the same depth, intrinsics, and extrinsics used to construct a
pointmap. The policy, however, must still convert this depth and calibration into robot-frame coor-
dinates on its own. RGB + Pointmap instead pre-computes the robot-frame pointmap using Eq. 2,
so each observed scene point is assigned its robot-frame coordinate before entering the policy.

Table 1 shows that providing depth and camera calibration to the policy is useful, but construct-
ing robot-centric 3D geometry before policy learning is more effective. RGB + Plücker modestly
improves over RGB (28.7 vs. 27.9), and adding depth raises success to 31.6. RGB + Pointmap
reaches 34.7, even though it is constructed from the same depth, intrinsics, and extrinsics available
to RGB + Plücker + Depth. Because these two variants share the same depth and calibration and
differ only in whether robot-frame geometry is pre-computed, the 3.1-point gap isolates the benefit
of pre-computation. These results suggest that providing depth and calibration as cues is helpful, but
directly providing robot-frame geometry is more effective than leaving it for the policy to infer. We
therefore adopt the pre-computed robot-frame pointmap as the input for the remaining experiments.

4.2 Image-form pointmaps outperform point clouds

Given the same robot-frame 3D points, we next ask how to provide them to the VLA: as an image-
form pointmap that preserves the RGB pixel grid (H×W ), or as a point cloud that does not. A point
cloud carries the same 3D robot-frame points, but discards the image-form pixel grid at two costs.
First, it no longer aligns with the image-based visual pathway of a pretrained VLA, so it requires a
dedicated point cloud encoder and a separate fusion mechanism, adding a 3D feature stream outside
the visual tokens used during VLA pretraining. Second, point cloud encoders typically subsample
the scene to a fixed number of points, yielding a sparser input that may omit fine-grained details. A
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Table 2: Image form vs. point cloud. All vari-
ants add the same robot-frame 3D points to an
RGB baseline, but differ in how the points are
encoded and fused. SR denotes success rate.

Input 3D encoder Fusion SR

RGB – – 27.9
RGB + Point cloud MLP concat 24.2
RGB + Point cloud PTv3 [48] concat 32.8
RGB + Pointmap - concat 30.7
RGB + Pointmap - add 34.7

Table 3: End-effector centering improves
viewpoint robustness. Fixed and Rand. indi-
cate whether the evaluation camera viewpoint is
fixed or randomized, and ∆ denotes the change
from Fixed to Rand.

Input Fixed Rand. ∆

RGB 27.9 25.8 −2.1
RGB + Pointmap (base) 34.7 32.7 −2.0
RGB + Pointmap (EE) 36.9 36.6 −0.3

pointmap instead preserves one XYZ value per RGB pixel, so it reuses the VLA’s image-encoder
architecture and fuses directly with the corresponding RGB tokens.

VLA

RGB
Encoder

Pointmap
Encoder

VLA

RGB
Encoder

Pointmap
Encoder

(a) add (b) concat

Figure 4: Pointmap-RGB fusion. Addition
preserves spatial correspondence, while con-
catenation treats pointmap tokens as a sepa-
rate sequence.

Table 2 shows that preserving the RGB pixel grid
is important because it enables direct element-
wise fusion between pointmap and RGB tokens.
As shown in Fig. 4, addition fuses spatially corre-
sponding tokens on the shared image grid, while
concatenation appends the pointmap tokens as a
separate sequence. This raises success from 30.7 to
34.7. RGB + pointmap with element-wise addition
also outperforms both the lightweight point cloud
baseline with an MLP encoder (24.2) and the pre-
trained point cloud baseline with Point Transformer
v3 [48] (32.8). Because a point cloud does not preserve the grid, its features have no spatial corre-
spondence with the RGB tokens and cannot use element-wise fusion. Overall, preserving the image
grid is central to why pointmaps integrate well with pretrained VLAs.

4.3 End-effector centering yields a viewpoint-robust representation

The last remaining design choice is the coordinate origin of the pointmap. The origin governs how
much the input depends on where a target sits in the workspace, a factor prior work shows strongly
affects 3D manipulation policies [49–52]. We examine this for pointmap-based VLAs by comparing
two origins: the robot base and the current end-effector position. We refer to these as the robot-base-
centered pointmap and the end-effector-centered pointmap, respectively (Eq. 3).

A robot-base origin encodes each point by its absolute location in the workspace, which obscures
what the action actually depends on: the position of the target relative to the end effector. Consider
two tasks that require the same motion, bringing the gripper to a target to grasp it. Grasping near
the sink and grasping near the microwave demand a nearly identical gripper-to-target approach, yet
the target sits at unrelated robot-base coordinates, ((0.4,0.5,0.3)) and ((0.6,0.1,0.8)) (Fig. 5b). The
robot-base frame thus casts two equivalent interactions as unrelated geometry. End-effector center-
ing removes this mismatch: it expresses every point relative to the current end-effector position, so
the target’s coordinate is exactly the displacement the gripper must cover. At grasp, that displace-
ment is small in both tasks, and the two situations collapse near ((0,0,0)). Targets that are scattered
across the robot-base frame therefore cluster tightly around the end-effector origin (Fig. 5a), giving
the policy a consistent local geometry for interactions that share the same motion.

End-effector centering raises success from 34.7 to 36.9 under the fixed evaluation viewpoint (Ta-
ble 3). The advantage persists when the evaluation viewpoint is randomized. The robot-base-
centered pointmap drops by 2.0 points (34.7→ 32.7), whereas the end-effector-centered pointmap
drops by only 0.3 points (36.9 → 36.6). This smaller drop is consistent with end-effector center-
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(a) Coordinate distributions at grasp (b) Example pointmaps at grasp

(0.4,0.5,0.3)
(0.4,0.5,0.3)

(0.6,0.1,0.8)

(0.6,0.1,0.8)

(0,0,0)
(0,0,0)

(0,0,0)

(0,0,0)

Figure 5: End-effector centering concentrates interaction targets near a common origin. (a)
Target coordinates are broadly distributed in the robot-base frame but cluster near the origin in
the end-effector-centered frame. (b) Two example tasks show that targets with different robot-base
coordinates lie near the end-effector-centered origin at grasp.

ing making the input less dependent on the target’s absolute workspace location. We therefore use
end-effector-centered pointmaps in the remaining experiments.

4.4 Robustness to increasing training-time viewpoint variation
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Figure 6: Effect of training-time cam-
era viewpoint variation. RGB performance
drops as viewpoint variation increases, while
RGB + Pointmap remains stable.

The previous sections establish our pointmap de-
sign. We now test whether this design remains ro-
bust as training-time camera viewpoint variation in-
creases. To isolate this factor, we vary only the level
of camera randomization in RoboCasa while hold-
ing all other factors fixed. The No variation set-
ting uses a fixed training camera viewpoint across
demonstrations, Low applies RoboCasa’s standard
camera randomization, and High widens the ran-
domization range. Additional details and visualiza-
tions are provided in Appendix A.

Fig. 6 shows that increasing training-time view-
point variation makes RGB-only learning harder.
RGB falls 9.6 points (34.5%→ 24.9%) from no to
high variation, whereas RGB + pointmap falls only 1.8 (37.6%→ 35.8%). This gap supports our
hypothesis that robot-frame geometry keeps the policy robust to training-time viewpoint variation.

Together, these controlled studies determine the design we use in the rest of the paper. We pre-
compute robot-frame geometry, keep it in image form as a pointmap, and re-center it at the current
end-effector position. In the next section, we evaluate this design with pretrained VLA backbones,
compare it against prior camera-viewpoint and 3D-aware methods, and test it on a real robot under
seen and unseen camera placements.

5 Experiments

We now ask whether this design remains effective when fine-tuning VLAs already pretrained on
large-scale robot data, how it compares with prior 3D-aware and camera-viewpoint methods, and
whether its benefits hold under camera variation in simulation benchmarks (Section 5.1) and real-
world tasks (Section 5.2).
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Table 4: RoboCasa results (success rate %, fixed viewpoint) over 24 tasks in five categories. All
methods except FP3 (standalone point cloud) use the π0.5 backbone. Shaded rows add our pointmap.

Method Avg. Doors Drawers Coffee Pick-and-place Turn objects

point cloud policy
FP3 [54] 42.8 79.0 74.0 54.7 21.8 32.0

Camera-aware VLAs
OC-VLA [19] 56.3 80.0 80.0 42.0 50.5 48.9
KYC [16] 59.1 86.5 86.0 51.3 48.2 51.4

3D-augmented VLAs
GeoVLA [26] 57.1 81.0 80.0 45.3 49.8 50.3
PointVLA [27] 57.3 87.5 85.0 44.0 46.3 50.3

Ours
π0.5 [4] 55.3 79.5 83.0 40.7 46.0 50.6

+ pointmap 62.9 90.0 90.0 58.0 52.8 53.4
SmolVLA [53] 37.2 68.0 63.0 39.3 6.5 46.6

+ pointmap 41.4 80.0 77.0 38.0 12.8 43.4

5.1 Simulation Experiments

Experimental Setup We evaluate on RoboCasa across 24 tasks in five categories, with 50 hu-
man demonstrations and 50 evaluation episodes per task. In RoboCasa H50, third-person camera
viewpoints are randomized across demonstrations during training and fixed to a single reference
viewpoint during evaluation. We fine-tune two pretrained VLAs that differ in scale and action ex-
pert, π0.5 [4] and SmolVLA [53]; for each backbone, the RGB and RGB+Pointmap variants differ
only in their visual input.

Baselines All baselines except FP3 share the π0.5 backbone, so differences isolate how each injects
viewpoint or 3D information rather than the backbone. We compare three groups. (i) Camera-aware
VLAs: KYC [16] feeds the policy per-pixel Plücker rays from the camera intrinsics and extrinsics,
and OC-VLA [19] predicts actions in the camera frame. (ii) 3D-augmented VLAs: GeoVLA [26]
and PointVLA [27] attach point clouds through a dedicated 3D module. (iii) point cloud policy:
FP3 [54] is a DROID-pretrained policy that consumes point clouds instead of RGB. We reimplement
KYC, OC-VLA, GeoVLA, and PointVLA on π0.5, as official code is unavailable. Full implementa-
tion and training details are given in the supplementary material (Appendix B.4).

Results Adding pointmaps improves both pretrained backbones (Table 4). For π0.5, the 24-task
average rises from 55.3 to 62.9, with gains across all five task categories. For SmolVLA, it rises
from 37.2 to 41.4. The two backbones differ in scale and action expert, so the improvement is not
tied to a single architecture. The camera-aware and 3D-augmented baselines share the π0.5 backbone
with our method. The strongest camera-aware baseline (KYC, 59.1) and the strongest 3D-augmented
baseline (PointVLA, 57.3) both remain below π0.5 with pointmaps (62.9). Conditioning the policy
on camera parameters or attaching a separate 3D module is thus less effective than expressing the
geometry in the robot frame and fusing it on the RGB grid, where the pretrained visual pathway
absorbs it directly. FP3, the only baseline that does not share the π0.5 backbone, trails all π0.5-
based methods at 42.8. Rather than building on a 2D VLA, it uses a separately pretrained point-
cloud policy and does not inherit the large-scale vision-language pretraining a 2D VLA provides. In
addition, its sparse point-cloud input (about 4k points per view) may be less suited to tasks needing
precise placement. Full per-task results are in Table 8.

5.2 Real-world Experiments

Experimental Setup We evaluate on a Franka Research 3 with two RealSense cameras (Fig. 7): a
wrist-mounted D405 and a single external D435i. During data collection, the wrist camera stays fixed
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Figure 7: Real robot setup. (a) A Franka Research 3 with a fixed wrist camera and one external
camera, placed at three training positions (red) and one held-out test position (blue). (b) Tasks: pick-
and-place, stack blocks, open/close drawer.

while we physically reposition the D435i to three placements, giving three camera configurations
(Fig. 7a). Under each configuration, we collect 15 demonstrations per task on four tasks (pick-
and-place, stack blocks, open drawer, close drawer), for 60 demonstrations per configuration and
180 in total. To measure robustness to camera-viewpoint change, we use a seen/unseen protocol at
evaluation. The seen setting places the external camera at one of the three training placements, and
the unseen setting uses a held-out placement displaced along the direction shown in Fig. 7. We report
success on the four tasks under both placements in Table 5.

Baselines We compare π0.5 with pointmap against two references, both trained on the same
demonstrations. RGB-only π0.5 [4] shares our backbone and differs only in the visual input, iso-
lating the effect of adding the pointmap. DP3 [55] is a point cloud diffusion policy trained from
scratch on 3D points instead of RGB. We include it because it already receives metric 3D geometry
that can be expressed in the robot frame, yet obtains it without a pretrained VLA backbone and in
point cloud rather than image form. It therefore tests whether our gains require the specific design
of expressing robot-frame geometry as an image-form pointmap fused into a pretrained VLA, or
whether access to 3D geometry alone is sufficient. As a policy that operates natively in 3D, DP3
also serves as a reference for how well a 3D input resists camera-viewpoint shift, which is central to
our seen/unseen comparison.

Table 5: Real-world camera generalization. All models are evaluated 15 times under seen and
unseen camera configurations across four manipulation tasks (success rate, %).

Eval. camera Model Avg. Pick-and-place Stack blocks Open drawer Close drawer

Seen
DP3 [55] 63.3 60.0 40.0 60.0 93.3
π0.5 [4] 73.3 80.0 53.3 73.3 86.7
π0.5 + pointmap 78.3 86.7 60.0 73.3 93.3

Unseen
DP3 [55] 48.3 33.3 33.3 40.0 86.7
π0.5 [4] 55.0 40.0 26.7 66.7 86.7
π0.5 + pointmap 66.7 53.3 46.7 73.3 93.3

Results When the external camera is placed at one of the training placements (Seen viewpoint),
pointmaps improve π0.5 from 73.3 to 78.3, a +5.0 margin over the RGB-only backbone. Both VLA
variants also outperform the point cloud policy DP3 (63.3), so at a seen placement the pretrained
RGB backbone alone is already competitive, and the pointmap adds a further gain. At a held-out
camera placement (Unseen viewpoint), the advantage grows. RGB-only π0.5 drops from 73.3 to
55.0, whereas π0.5 with pointmap holds at 66.7, so the pointmap degrades by only 11.6 points
against 18.3 for RGB-only. Its margin over RGB therefore widens from +5.0 at the seen placement
to +11.7 at the unseen one. DP3 shows the same effect from the opposite direction. The RGB-only
lead over DP3 narrows from +10.0 to +6.7, and DP3 overtakes RGB-only on Stack blocks (33.3
vs. 26.7), showing that a 3D input already resists viewpoint shift better than RGB.

9



These results point to a broader advantage. Pointmaps are particularly useful when the training data
spans many camera viewpoints. Because each scene point is assigned a fixed robot-frame coordinate,
that coordinate stays the same as the camera is repositioned across demonstrations. An RGB-only
policy must instead learn how each viewpoint maps to robot-frame actions, so wider viewpoint
coverage makes this observation-to-action relation harder to fit. Pointmaps supply the robot-frame
geometry directly, letting the policy learn from viewpoint-diverse demonstrations without absorbing
that variation itself. This matches the simulation trend in Section 4.4, where RGB-only success
falls as training-time viewpoint variation increases while RGB + Pointmap stays nearly flat, and it
explains why the real-robot advantage widens at the held-out placement.

6 Limitations

Our study leaves several questions open. We do not ablate how the pointmap is injected relative to
the action expert, nor how it interacts with the pretraining recipe, so the best way to combine the two
remains unsettled. The comparison against a point cloud uses a single sampling budget, and a larger
budget could narrow the gap we report. In addition, pointmaps require calibrated camera intrinsics
and extrinsics at both training and test time, which restricts them to setups where calibration is
available. Finally, our camera-variation results focus on changes in camera placement and extrinsics,
and do not yet cover changes in the number of cameras or their fields of view, which we leave to
future work.

7 Conclusion
We studied how VLAs should use 3D observations when demonstrations are collected under various
camera viewpoints. In this setting, the same task can be observed from different camera viewpoints
during training, requiring the policy to relate image observations to the robot’s action frame. Rather
than leaving this camera-to-robot relationship for the policy to infer from RGB, depth, and cali-
bration inputs, we express each observed scene point directly in the robot frame as a robot-centric
pointmap. The pointmap preserves the dense H ×W image grid, allowing robot-centric 3D coordi-
nates to be fused with RGB tokens through the existing visual pathway of a pretrained VLA.

Our experiments point to a simple and effective input: a robot-frame, image-form pointmap cen-
tered on the end effector. Robot-centric pointmaps improve pretrained VLAs in both simulation and
real-robot experiments. These results suggest a general principle for 3D-aware VLAs: when calibra-
tion is available, express observations in the coordinate system where the robot acts before passing
them to the policy. Robot-centric pointmaps implement this principle while retaining the image-form
structure that pretrained VLAs already use.
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Supplementary Material

A Details of Training-Time Camera Viewpoint Variation

Section 4.4 of the main paper varies how much the third-person camera poses change across train-
ing demonstrations, using three settings: No variation, Low, and High. This section specifies these
settings and visualizes them.

RoboCasa mounts three cameras: two third-person cameras providing a left and a right view, and
a wrist camera. At the start of each demonstration, we jitter the position and orientation of the two
third-person cameras with zero-mean Gaussian noise. No variation applies no jitter, so every demon-
stration shares the canonical camera pose. Low uses a position and orientation standard deviation of
(5cm, 3◦), which matches RoboCasa’s default per-demonstration camera randomization. High dou-
bles the jitter to (10cm, 6◦). The wrist camera is mounted on the end-effector and is never jittered,
and the evaluation cameras are held fixed, so the per-demonstration jitter of the two third-person
cameras is the only factor that changes across the training sets. Each setting thus defines a distinct
training set, on which we train a separate policy.

Fig. 8 visualizes the camera-pose distributions as frustums in the robot-base frame. Fig. 9 shows
qualitative examples of an episode rendered under each variation level.

Figure 8: Camera-pose distributions across variation levels. Per-demonstration poses of the two
third-person cameras, drawn as camera frustums in the robot-base frame (left camera in blue, right
in pink; the end-effector wrist camera, in black, is never jittered). From No variation to High the
position and orientation jitter grows from zero to (10cm, 6◦), widening the range of viewpoints the
policy sees.

B Implementation Details and Experimental Setup

B.1 Backbones and training

We study two pretrained VLAs that differ in scale and action expert, π0.5 [4] and SmolVLA [53]. For
each backbone, we train two policies that are identical except for the visual input: RGB alone versus
RGB with the robot-centric pointmap, so every reported difference is attributable to the pointmap.
Fig. 10 shows the full model architecture. Both are fine-tuned with AdamW at a peak learning rate
of 10−4 under a cosine schedule with 5% linear warmup, in bfloat16 at an effective batch size of 64.
We train π0.5 for 20k steps and SmolVLA for 60k steps. Each policy reads RGB at its backbone’s
native resolution and predicts a chunk of end-effector deltas. Table 6 lists the full configuration.

Controlled-analysis protocol. For the controlled studies in Section 4, we use a single π-style ar-
chitecture initialized from a base PaliGemma checkpoint with an action expert trained from scratch,
rather than the robot-pretrained π checkpoint, isolating the effect of the input design. All variants
share the same RoboCasa training recipe: 24 atomic tasks, 50 human demonstrations per task, 30k
training steps, and 50 evaluation episodes per task.
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Figure 9: Qualitative examples across variation levels. For six tasks, the same frame is rendered
under each training level for the left and right third-person cameras. Under No variation, the view-
point is identical across demonstrations; under Low and High, growing per-demonstration jitter shifts
and rotates the scene within the image. The robot-centric pointmap reduces this camera-induced
variation by expressing the observed geometry in the robot frame.

B.2 Simulation setup (RoboCasa)

We follow the RoboCasa [9] atomic-task protocol with 24 environments, grouped into five categories
for reporting: doors, drawers, coffee, pick-and-place, and turn objects. Each environment provides
50 human demonstrations and is evaluated over 50 episodes. The policy reads three cameras: two
third-person cameras and one wrist camera. During training, the third-person camera viewpoints
are randomized across demonstrations. Unless otherwise stated, evaluation uses a fixed reference
viewpoint. Appendix D additionally reports a separate randomized-viewpoint evaluation.

B.3 Real-robot setup

We use a Franka Research 3 (FR3) with two Intel RealSense cameras, a wrist-mounted D405 and a
single external D435i. During data collection the wrist camera stays fixed and the D435i is physically
repositioned to three placements, yielding three camera configurations. Under each configuration
we collect 15 demonstrations per task across four tasks (pick-and-place, stack blocks, open drawer,
close drawer), for 60 demonstrations per configuration and 180 in total. Low-level control runs at
20Hz, and the policy executes 10 of each 20-step action chunk before replanning. At evaluation
we test under one of the three external placements seen during training (seen) and under a held-out
placement displaced along the direction indicated in Fig. 7 (unseen). Demonstrations are collected by
human teleoperation with VR controller (Meta Quest 3). The pointmap is built from the RealSense
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Figure 10: Model architecture. Each RGB-D camera observation is converted into an end-effector-
centered robot-centric pointmap. RGB and pointmap inputs are encoded by separate SigLIP vision
towers [56], and pointmap tokens are added element-wise to the corresponding RGB tokens before
entering the pretrained VLA. The VLA predicts an action chunk from the fused visual tokens, lan-
guage instruction, and proprioception.

Table 6: Training and deployment hyperparameters

Setting π0.5 SmolVLA

Optimizer AdamW AdamW
Peak learning rate 10−4 10−4

LR schedule cosine, 5% warmup cosine, 5% warmup
Precision bfloat16 bfloat16
Effective batch size 64 64
Training steps 20k 60k
Action chunk (sim) 50 (execute 25) 50 (execute 25)
Action chunk (real) 20 (execute 10) –
Control frequency (real) 20Hz –
Pointmap fusion element-wise add element-wise add

stereo depth and a one-time hand-eye calibration, so unlike the exact simulation geometry, it carries
sensor noise.

B.4 Baseline implementation details

The main paper compares our pointmap against camera-aware, 3D-augmented, and point-cloud
baselines on RoboCasa (Table 4). GeoVLA, PointVLA, KYC, and OC-VLA are re-implemented
on the π0.5 backbone, and use the same RoboCasa data (24 tasks, 50 demonstrations each), a batch
size of 64, and the same 50-episode evaluation. The one exception is FP3, a standalone, point-cloud
based 3D foundation policy that does not share the π0.5 backbone. We describe each baseline and
the implementation choices used in our experiments below.

GeoVLA [26]. GeoVLA augments a VLA with a dedicated 3D branch that encodes the scene
point cloud into a geometric anchor token injected into the action expert. Since GeoVLA is not
open-sourced, we reimplement its method on our π0.5 backbone. Following GeoVLA, we convert
depth into an end-effector-centered point cloud, encode it with a point-embedding network that uses
paired geometric and positional paths, and inject the resulting anchor token into the action expert.
The SigLIP vision tower stays frozen, while the action expert, language model, and point encoder are
trained from the π0.5 initialization for the same 20k steps. We sweep three anchor-selection variants:
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Table 7: The 24 RoboCasa environments by category. Categories match the columns of the main-
paper RoboCasa table.

Category # tasks Environments

Doors 4 CloseDoubleDoor, CloseSingleDoor, OpenDoubleDoor, OpenSin-
gleDoor

Drawers 2 CloseDrawer, OpenDrawer
Coffee 3 CoffeePressButton, CoffeeServeMug, CoffeeSetupMug
Pick-and-place 8 PnPCounterToCabinet, PnPCabinetToCounter, PnPCounter-

ToSink, PnPSinkToCounter, PnPCounterToMicrowave, PnPMi-
crowaveToCounter, PnPCounterToStove, PnPStoveToCounter

Turn objects 7 TurnOffMicrowave, TurnOffSinkFaucet, TurnOffStove, TurnOn-
Microwave, TurnOnSinkFaucet, TurnOnStove, TurnSinkSpout

Total 24

argmin, top-K, and ground-truth end-effector. The best configuration uses a top-K=4 anchor with
a fixed wrist cell.

PointVLA [27]. PointVLA injects point-cloud features into a pretrained VLA through a subset
of its action-expert blocks, using a two-stage schedule so the 2D policy is set before 3D is added.
PointVLA is likewise unreleased, so we reimplement its mechanism on π0.5. We encode a point
cloud from a fixed exocentric camera with an iDP3-style hierarchical encoder and inject it into a
subset of the action-expert blocks, following PointVLA’s skip-block design. The vision tower and
the action-expert body are frozen while the language model and the point encoder train. Following
PointVLA’s two-stage recipe, we first train the RGB-only π0.5 backbone and then run 20k additional
steps in which the point-cloud encoder is injected while the vision tower and action-expert body stay
frozen.

FP3 [54]. FP3 is a 3D foundation policy that acts directly from point clouds and is pretrained
on large-scale robot data, rather than augmenting a 2D VLA. Unlike GeoVLA and PointVLA,
FP3 is a standalone 3D foundation policy with public weights. Instead, we fine-tune the authors’
DROID-pretrained checkpoint on our RoboCasa data. FP3 pairs a Uni3D point-cloud encoder with
a diffusion-transformer head, and we fine-tune it for the same 20k steps. We keep FP3’s two point-
cloud streams: the wrist cloud is passed to its hand-camera encoder, and the two third-person clouds
are merged into a single cloud for its external-camera encoder. Among the variants we tried, full
fine-tuning with learning rate 10−4 performed best, so we report this setting.

KYC [16]. KYC conditions the policy on camera geometry using per-pixel Plücker rays. For each
camera, we compute a six-channel Plücker map from the camera intrinsics and extrinsics, with ray
direction and moment expressed in the robot-base frame. We encode this map with a SigLIP vision
tower initialized from the π0.5 vision encoder, using a learnable 1 × 1 convolution to map the six
Plücker channels into the three-channel patch embedding. The resulting tokens are added element-
wise to the RGB tokens, matching the fusion used by our pointmap encoder. All weights, including
the ray encoder, are trained for the same 20k steps as the other matched baselines. We report the
strongest variant.

OC-VLA [19]. OC-VLA expresses the action label in the camera frame instead of the robot-
base frame. OC-VLA has no public code, so we reimplement its mechanism on π0.5. We retarget
the predicted end-effector action from the robot-base frame into the frame of the static left agent-
view camera, while leaving the RGB input and the π0.5 architecture unchanged. Since the policy
predicts operational-space delta actions, we apply only the rotation between the robot-base and
camera frames, without adding a translation offset. The training and evaluation recipe matches the
other matched-backbone baselines.
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DP3 [55]. On the real robot, we compare against DP3, a point-cloud diffusion policy trained from
scratch. We build its input by back-projecting the sensed depth into a robot-frame point cloud and
subsampling it to 4096 points using the official codebase. DP3 is trained on the same demonstrations
as the VLA baselines and evaluated under the same seen and unseen camera conditions. Like our
pointmap, DP3 receives metric 3D geometry in the robot frame, so it tests whether access to robot-
frame 3D geometry alone is sufficient without the image-form integration of a pretrained VLA.

Point cloud and Point Transformer v3. In Section 4.2, the point-cloud branch uses either a
lightweight MLP set encoder over 1024 points per camera or a pretrained Point Transformer v3 [48]
encoder. Both consume the same robot-frame 3D geometry as the pointmap. Since point clouds do
not preserve pixel correspondence with RGB, their encoded features are concatenated to the RGB
token sequence rather than fused element-wise.

Plücker rays and depth. In Section 4.1, the model is given per-pixel depth together with six-
dimensional Plücker rays that encode the camera ray of each pixel from the intrinsics and extrinsics.
These channels provide the same depth and calibration information used to construct the pointmap,
but the policy must still infer the robot-frame coordinates from them.

B.5 Evaluation metric and protocol

We report the task success rate in percent. In simulation, each task is evaluated over 50 episodes. On
the real robot, each task is evaluated over 15 rollouts per camera condition. All results are reported
from a single final checkpoint, without selecting the best checkpoint per method.

C Full RoboCasa Results

Table 8: Full RoboCasa results (success rate %, fixed evaluation viewpoint). Per-task breakdown
of Table 4. All methods except FP3 use the π0.5 backbone. PMP denotes our pointmap, added to the
backbone in the preceding column (shaded).

Category Task FP3 OC-VLA KYC GeoVLA PointVLA π0.5 + PMP SmolVLA + PMP

Doors

CloseDoubleDoor 76 80 84 70 86 76 80 74 92
CloseSingleDoor 86 74 98 90 90 80 96 76 90
OpenDoubleDoor 94 88 96 100 100 98 100 72 84
OpenSingleDoor 60 78 68 64 74 64 84 50 54

Drawers
CloseDrawer 94 96 94 96 94 96 96 86 94
OpenDrawer 54 64 78 64 76 70 84 40 60

Coffee
CoffeePressButton 80 38 68 58 50 46 76 74 70
CoffeeServeMug 64 62 62 54 50 48 64 36 34
CoffeeSetupMug 20 26 24 24 32 28 34 8 10

Pick-and-place

PnPCounterToCabinet 22 46 42 40 42 40 42 2 12
PnPCabinetToCounter 38 34 26 28 14 16 28 8 6
PnPCounterToSink 14 64 62 52 54 56 60 6 24
PnPSinkToCounter 18 58 60 62 70 54 58 18 30
PnPCounterToMicrowave 36 44 42 40 44 44 50 4 12
PnPMicrowaveToCounter 28 24 28 38 16 28 38 4 8
PnPCounterToStove 0 76 66 62 68 60 70 6 6
PnPStoveToCounter 18 58 60 76 62 70 76 4 4

Turn objects

TurnOffMicrowave 32 60 68 72 70 68 66 72 78
TurnOffSinkFaucet 56 50 46 46 44 44 60 58 50
TurnOffStove 8 4 8 6 8 12 8 14 14
TurnOnMicrowave 34 50 58 62 72 66 70 68 60
TurnOnSinkFaucet 58 50 42 56 42 44 46 24 26
TurnOnStove 12 52 58 40 48 54 56 40 24
TurnSinkSpout 24 76 80 70 68 66 68 50 52

Average 42.8 56.3 59.1 57.1 57.3 55.3 62.9 37.2 41.4
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Table 8 breaks the category averages of Table 4 down into the 24 individual RoboCasa environments
under the fixed evaluation viewpoint. Adding the pointmap improves or matches the RGB-only π0.5

on 22 of the 24 tasks, including large gains on tasks that require precise spatial reasoning, such as
CoffeePressButton (46 → 76) and CoffeeServeMug (48 → 64). π0.5 with pointmap also achieves
the highest average in each of the five task categories. The same pattern holds for SmolVLA, where
the pointmap improves all six door and drawer tasks and nearly doubles the pick-and-place average
(6.5→12.8).

D RoboCasa Results under Randomized Evaluation Viewpoints

Our main RoboCasa results use a fixed evaluation viewpoint, while the training demonstrations
include randomized third-person camera viewpoints. As an additional test, we evaluate the same
trained policies with the third-person evaluation viewpoint randomized independently in each
episode. Table 9 reports the results.

The conclusions from the fixed-viewpoint evaluation carry over. Adding pointmaps improves both
pretrained backbones, raising the 24-task average from 54.2 to 60.3 for π0.5 and from 35.9 to 38.3
for SmolVLA. Under randomized evaluation viewpoints, π0.5 with pointmap also remains above all
camera-aware and 3D-augmented baselines.

Table 9: RoboCasa results (success rate %, randomized evaluation viewpoint) over 24 tasks in five
categories. All methods except FP3 (standalone point-cloud) use the π0.5 backbone. Shaded rows
add our pointmap.

Method Avg. Doors Drawers Coffee Pick-and-place Turn objects

Point-cloud policy
FP3 [54] 41.1 71.0 80.0 50.7 19.0 34.0

Camera-aware VLAs
OC-VLA [19] 52.0 76.0 76.0 40.0 46.2 43.1
KYC [16] 51.5 72.0 87.0 32.0 41.8 49.1

3D-augmented VLAs
GeoVLA [26] 57.3 78.5 86.0 48.7 50.5 48.6
PointVLA [27] 56.8 82.0 87.0 44.7 43.2 54.6

Ours
π0.5 [4] 54.2 75.5 87.0 39.3 43.0 51.7

+ pointmap 60.3 83.5 89.0 48.0 51.0 54.9
SmolVLA [53] 35.9 60.0 71.0 41.3 7.8 42.0

+ pointmap 38.3 75.5 72.0 26.0 12.2 42.6
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