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A B S T R A C T
Video foundation models provide temporal priors for robot manipulation, but plausible image
prediction does not explicitly constrain the relationship between scene geometry and Cartesian
control. Image pixels identify viewing rays rather than unique metric locations, whereas end-
effector commands must resolve spatial relationships in the robot workspace. We present
GeoAlign-WAM, a geometry-aware world action model that combines a pretrained video prior
with pixel-aligned pointmaps in the robot base frame. RGB and pointmap features are encoded into
compatible latent grids and concatenated along the spatial width dimension to jointly represent
appearance, three-dimensional structure, and temporal evolution. An action expert predicts
executable action chunks from the current multimodal context. A lightweight convolutional
head reads the predicted future latent to produce an auxiliary action chunk, and a symmetric
geometry–action alignment loss penalizes disagreement between the two predictions. Structured
attention prevents the action branch from accessing future tokens, allowing the future-generation
branch and auxiliary head to be removed at deployment. GeoAlign-WAM achieves 97.4% success
on LIBERO, 81.0% on LIBERO-Plus, 83.1% on LIBERO-Occ, and 84.0% across three real-robot
tasks. Compared with Fast WAM, mean success increases by 11.9 percentage points under
occlusion and 13.3 points on the real robot. LIBERO-Plus results show substantial gains under
camera shifts, although weaknesses remain under some language and lighting perturbations.
Project page: https://lzrbit.github.io/GeoAlign-WAM/.

1. Introduction
Robot manipulation requires policies to infer task-relevant spatial relationships from incomplete observations

and coordinate motion as contact and visibility change. Hand-designed perception and control pipelines can be
effective in well-characterized settings, but often require task-specific engineering. Learning-based approaches connect
sensory observations to actions through experience. End-to-end visuomotor learning jointly optimizes perception and
control, while subsequent imitation-learning methods model multimodal behavior and temporally extended action
sequences [5, 13, 31]. Their reliability beyond the training distribution depends, in part, on which scene properties their
representations preserve.

Foundation models offer representations learned from data beyond the available robot demonstrations. Vision–
language–action (VLA) models transfer visual and linguistic knowledge to instruction-conditioned control [1, 12, 33].
Such knowledge supports semantic task interpretation, but does not explicitly specify the metric displacement required
to approach a handle or place an object in a receptacle. Video foundation models provide complementary priors on
temporal appearance, motion, and interaction. World action models (WAMs) adapt these priors by coupling world
prediction with action learning [28, 29]. The world objective can supervise aspects of a demonstration that are absent
from its action labels.

World objectives defined only on RGB observations or their latents leave the image-to-workspace relationship
implicit. Perspective projection allows different metric configurations to produce similar image evidence, while a
camera displacement can change image coordinates without requiring the corresponding change in robot-frame action.
Joint video and action training may learn these relationships implicitly; however, a shared transformer does not by
itself establish calibrated correspondence between image locations and the robot workspace. We term this limitation a
geometric grounding gap; it does not preclude learning spatial information from images.
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This gap can affect generalization when viewpoints, object appearances, or backgrounds change without altering
the required interaction. Partial occlusion further reduces evidence about object boundaries and approach directions.
Explicit geometry provides an additional representation of visible spatial structure that may help disambiguate these
observations. Its usefulness nevertheless depends on how it informs action selection: geometry alone neither determines
hidden surfaces nor guarantees robustness.

Recent spatial WAMs incorporate future RGB-D prediction, as in X-WAM, or transfer geometric supervision
through spatial register tokens, as in WAM4D [7, 17]. Building on these developments, we investigate an explicit
action-level constraint: the action inferred from a predicted geometric world representation should agree with the action
produced by the deployed policy. This motivates joint geometric representation learning and action consistency within
one architecture.

We introduce GeoAlign-WAM, a 4D world action model with geometry–action alignment. Here, “4D” denotes
a time-indexed sequence of three-dimensional scene representations. The model receives RGB observations and
pixel-aligned XYZ pointmaps in the robot base frame. A video-compatible encoding and fusion pathway supplies
appearance and geometry to the world backbone, while an action expert predicts the control sequence. We adapt the
multimodal representation strategy of 4DNeX [4] and the deployment structure of Fast WAM [29] to encourage action
consistency in a metric workspace. A small convolutional readout maps the predicted future latent to an auxiliary
action chunk. A symmetric alignment loss penalizes its disagreement with the expert’s action prediction, with gradients
propagated through both branches.

The auxiliary readout is used only during training. The action expert receives current observations and cannot attend
to future world tokens. Deployment therefore omits future RGB/XYZ synthesis while retaining parameters trained with
world prediction and action alignment. This separates training supervision from information available to the deployed
policy. Pointmap sensing and preprocessing remain necessary and must be included in deployment latency.

The contributions of this work are as follows:
1. We formulate a pointmap-conditioned 4D WAM that brings metric scene geometry into the observation context

and jointly learns future RGB, future XYZ, and robot actions. The representation preserves pixel correspondence
while making its relationship to the robot base frame explicit.

2. We introduce a geometry–action alignment objective that compares an auxiliary action inferred from the predicted
future latent with the action expert’s prediction. The constraint operates on a common action representation and
is compatible with a policy that does not consume future tokens at deployment.

3. We evaluate nominal performance, distribution shifts, and occlusion on LIBERO, LIBERO-Plus, and LIBERO-
Occ [6, 16, 19], together with three real-robot tasks. The model reaches 97.4% on LIBERO and improves mean
success over Fast WAM by 11.9 percentage points on LIBERO-Occ and 13.3 points on the real robot.
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Figure 1: Pixel-level and 4D world supervision. GeoAlign-WAM represents robot-frame geometry over time and aligns
future-derived auxiliary actions with the action expert. Dashed paths denote training-only computation.

2. Related works
2.1. End-to-end visuomotor and geometry-aware manipulation

End-to-end manipulation policies map sensory inputs directly to motor commands. Levine et al. jointly learned
visual representations and control [13]. Subsequent imitation-learning approaches model multimodal action distributions
and temporally extended commands: Diffusion Policy uses iterative action generation, while Action Chunking with
Transformers predicts action chunks for fine manipulation [5, 31]. These formulations capture both action ambiguity
and the temporal structure of demonstrations.

Geometry-aware policies explicitly represent spatial relationships. PerAct uses a voxel representation for language-
conditioned manipulation, and 3D Diffusion Policy combines compact point clouds with generative action modeling
[23, 30]. Beyond explicit 3D inputs, representation-alignment methods incorporate supervision from 3D representations
into VLA features. ROCKET, for example, uses residual multi-layer alignment to learn spatially aware features [24]. Our
focus is the connection between pixel-aligned geometry in a video-derived world representation and action prediction
through future-latent supervision.
2.2. Vision–language–action models

VLA models integrate visual perception, language conditioning, and robot action prediction. RT-2 transfers vision–
language pretraining to robotic control, and OpenVLA provides an open model and adaptation framework for generalist
manipulation [12, 33]. The 𝜋0 model combines a pretrained vision–language backbone with flow-matching action
generation [1]; 𝜋0.5 extends this approach toward open-world generalization through co-training on heterogeneous data
[21]. OpenVLA-OFT examines how parallel decoding, action chunking, and other fine-tuning choices affect speed and
success [10].

VLA and WAM formulations overlap: a language-conditioned policy can use world-prediction objectives, and a
WAM can expose the same observation-to-action interface as a VLA. The relevant distinctions concern the learned
representation and the information available during action inference. GeoAlign-WAM conditions on language, RGB,
and current XYZ, while future-world supervision shapes its video backbone. Its alignment objective connects future
features to action predictions without assuming that VLA models cannot infer geometry or dynamics.
2.3. World action models and 4D scene generation

Video-based robot models use visual prediction to supervise action learning. Unified World Models couples video
and action diffusion in a shared transformer [32]. DreamZero builds a large-scale WAM around a video prior [28],
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while Cosmos Policy fine-tunes a pretrained video model for visuomotor control and planning [11]. Fast WAM studies
future prediction during training and removes future-video generation from deployment [29]. We adopt this separation
between current-context action inference and future-world supervision, and extend it with metric geometry and an
explicit action-consistency objective.

4DNeX models paired RGB and XYZ sequences in video-compatible latent space [4]. We adapt its modality-fusion
strategy to robot control, where geometry must retain the coordinate frame and metric scale of the controller. Observed
robot-frame pointmaps enter the conditioning context, and an auxiliary readout connects predicted future features to
action space. The contribution lies in this representation-to-action connection rather than in the concatenation operation.

Among spatial WAMs, X-WAM jointly models visual, geometric, and robot information through RGB-D prediction
with asynchronous denoising [7]. WAM4D uses spatial registers for geometric supervision and removes that branch
at inference [17]. Our formulation combines explicit current XYZ input with future-latent-to-action consistency in a
video-derived model. Controlled ablations are needed to distinguish the effects of pointmap conditioning, future XYZ
prediction, and alignment.

3. Problem formulation
3.1. Observations, world sequences, and action chunks

Consider an imitation-learning dataset  of synchronized robot demonstrations. At environment time 𝑡, the policy
receives a language instruction 𝓁 and an observation

𝑜𝑡 =
{

𝐼 (𝑣)𝑡 , 𝑃 (𝑣)
𝑡

}𝑉
𝑣=1, 𝐼 (𝑣)𝑡 ∈ ℝ𝐻𝐼×𝑊𝐼×3, 𝑃 (𝑣)

𝑡 ∈ ℝ𝐻𝐼×𝑊𝐼×3. (1)

Here 𝑣 indexes the camera view, and 𝑃 (𝑣)
𝑡 (𝑢) gives the metric XYZ coordinates associated with image pixel 𝑢 in the robot

base frame 𝐵. RGB and XYZ share a registered image grid. When included in the selected Fast WAM configuration,
robot state forms part of the current observation; future state is unavailable to the deployed policy. We omit the view
index when an operation applies identically to every view.

The action chunk is𝐴𝑡 = [𝑎𝑡,… , 𝑎𝑡+𝐻𝐴−1] ∈ ℝ𝐻𝐴×𝑑𝑎 . We retain the Fast WAM task interface: Cartesian increments,
rotation commands, and gripper commands are controller inputs, not absolute XYZ positions. For the LIBERO interface,
𝑑𝑎 = 7 and

𝑎𝑡 = [(𝑢𝑝𝑡 )
⊤, (𝑢𝑟𝑡 )

⊤, 𝑔𝑡]⊤, 𝑢𝑝𝑡 , 𝑢
𝑟
𝑡 ∈ ℝ3, (2)

where 𝑢𝑝𝑡 and 𝑢𝑟𝑡 are translational and axis-angle rotation increment commands, respectively, and 𝑔𝑡 controls the
gripper. Controller scaling converts these commands into pose offsets; their raw values are not metric displacements.
Controller-to-base transformations must agree with the pointmap calibration. The normalization operator 𝐴 maps
controller commands to the action expert’s training space, and its inverse is applied before execution.

The future world target is
𝑊𝑡 =

{

𝐼𝑡+𝛿𝑘 , 𝑃𝑡+𝛿𝑘
}𝑇
𝑘=1, 0 < 𝛿1 < ⋯ < 𝛿𝑇 , (3)

where the offsets 𝛿𝑘 align video sampling with the action interval. The video horizon 𝑇 need not equal the action
horizon 𝐻𝐴. The learned policy is

𝐴𝑡 ∼ 𝜋𝜃( ⋅ ∣ 𝑜𝑡,𝓁), (4)
and only a prefix is executed before the next observation. World prediction is an auxiliary conditional task learned from
the same demonstrations. Under the attention structure defined below, the world branch does not receive candidate
actions. It predicts demonstration futures conditioned on the observation and instruction, rather than simulating arbitrary
action interventions.

The “4D representation” is the sequence of 3D pointmaps in Eq. (3), each describing visible surfaces in a common
coordinate frame. Within-frame RGB–XYZ correspondence does not imply persistent point identities, complete
reconstruction of occluded surfaces, or an explicit physical dynamics model.
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3.2. Conditional flow-matching training
We formulate future RGB, future XYZ, and action prediction using conditional flow matching [18]. Let 𝑌𝑚 denote a

normalized clean target for modality 𝑚 ∈ {rgb, xyz, act}. For the visual modalities, 𝑌𝑚 is an encoded latent sequence;
for actions, 𝑌act = 𝐴(𝐴𝑡). For Gaussian noise 𝜖𝑚 ∼  (0, 𝐈) and flow time 𝜏𝑚 ∈ (0, 1), define

𝑌𝑚,𝜏𝑚 = (1 − 𝜏𝑚)𝑌𝑚 + 𝜏𝑚𝜖𝑚, 𝑈𝑚 = 𝜖𝑚 − 𝑌𝑚. (5)
Thus 𝜏𝑚 = 0 is clean data and 𝜏𝑚 = 1 is noise. Environment time 𝑡, future-frame index 𝑘, and flow time 𝜏𝑚 are distinct
quantities. With a velocity predictor 𝑉𝜃,𝑚 and current context 𝐶𝑡, the modality objective is

𝑚FM = 𝔼
[

𝜔𝑚(𝜏𝑚)
𝑛𝑚

‖

‖

‖

𝑉𝜃,𝑚(𝑌𝑚,𝜏𝑚 , 𝜏𝑚;𝐶𝑡,𝓁) − 𝑈𝑚
‖

‖

‖

2

𝐹

]

, (6)

where the norm is evaluated over valid, non-padded target entries, 𝑛𝑚 is their count, and 𝜔𝑚(𝜏𝑚) denotes any baseline
timestep weight (one for the unweighted objective). For RGB and XYZ, the predictor jointly reads both noisy latent
grids through their fusion; the notation in Eq. (6) abbreviates this joint input. Current observation tokens remain clean
and are excluded from the future-target loss.

We use a common world noise level 𝜏𝑤 for paired RGB and XYZ and denote the action noise level by 𝜏𝑎. Their
sampling distributions and noise-shift parameters are training hyperparameters. A one-step estimate of the clean target
is

𝑌𝑚 = 𝑌𝑚,𝜏𝑚 − 𝜏𝑚𝑈𝑚, 𝑈𝑚 = 𝑉𝜃,𝑚(⋅). (7)
Equation (7) recovers the clean target exactly when the predicted velocity equals 𝑈𝑚; otherwise it gives a one-step
estimate. It places the expert and auxiliary predictions in a common action domain, avoiding a comparison between
executable actions and flow velocities.

The flow-matching scheduler, world/action time sampling, temporal offsets, and action normalization follow Fast
WAM [29]. RGB and XYZ share the world noise level, following the paired-modality formulation of 4DNeX [4]. The
auxiliary convolutional neural network (CNN) reads the predicted clean future latent given by Eq. (7).

4. Proposed model
4.1. Overall architecture

GeoAlign-WAM contains a world backbone initialized from a video foundation model, a modality-compatible
RGB/XYZ encoding pathway, an action expert, and an auxiliary convolutional action head. Figure 2 separates the
components required for deployment from those used for training. The observation encoders produce a clean multimodal
context 𝐶𝑡. During training, the world backbone also processes noisy future RGB and XYZ latents and predicts their
flow velocities. The action expert predicts action velocity using the current context and noisy actions. The auxiliary
head reads the estimated clean future latent and outputs an action chunk in the same normalized space as the expert.

The expert provides the deployed policy and accesses only information available at the decision time. The auxiliary
head supplies an action-space readout of predicted future features, coupling the training objectives through a differentiable
loss. It does not pass features to the expert, contribute an averaged action, or serve as a second controller at deployment.

The world backbone and action expert form a mixture of transformers with modality-specific transformations
and structured cross-branch attention. We retain the Wan2.2-5B backbone and action-expert configuration of Fast
WAM (Table 1). Controlled comparisons must hold the backbone and demonstration data fixed to isolate pointmap
conditioning and alignment.
4.2. Input initialization and normalization
4.2.1. Metric pointmaps and registration

The geometric input contains metric surface coordinates in the robot base frame. A depth-derived pointmap is
obtained through

[

𝑃𝐵𝑡 (𝑢)
1

]

= 𝐓𝐵𝐶,𝑡

[

𝐷𝑡(𝑢)𝐊−1𝑢̃
1

]

, 𝑢̃ = (𝑢𝑥, 𝑢𝑦, 1)⊤, (8)
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Figure 2: GeoAlign-WAM architecture. The Wan video backbone denoises future RGB/XYZ latents; an auxiliary readout
aligns their action prediction with the action expert. Deployment uses only the current-context action path.

where 𝐷𝑡 is metric depth, 𝐊 is the camera intrinsic matrix, and 𝐓𝐵𝐶,𝑡 maps camera coordinates to the robot base. For a
wrist camera, this transform depends on the robot configuration. A learned pointmap estimator would likewise need to
resolve metric scale and frame alignment before its output could be used in this formulation.

Identical cropping, resizing, and view composition preserve correspondence within each RGB/XYZ pair. RGB
images and pointmaps use the same fixed camera order. Although pointmaps and end-effector motion share a base
frame, their entries represent different quantities: surface coordinates and controller commands, respectively.
4.2.2. Initialization and metric normalization

The current XYZ input is initialized from observed geometry. Unlike the synthetic sloped-plane initialization
used when geometry is unavailable in image-to-4D generation, this preserves measured spatial information. The
known-context mask treats valid current RGB and XYZ as conditioning data, while future targets are initialized from
noise for generation. Missing or invalid depth must be handled consistently during training and deployment.

To expose XYZ to a video-compatible encoder, let
𝑃 = (𝑃𝐵 − 𝒃)⊘ 𝒔, 𝑃𝐵 = 𝑃 ⊙ 𝒔 + 𝒃, (9)

where 𝒃 ∈ ℝ3 and 𝒔 ∈ ℝ3
>0 are known offset and scale vectors that preserve recovery of the metric frame. A fixed

transform estimated from training data satisfies this requirement. Per-frame centering would discard motion and location
information unless its offsets were retained and supplied to the model. Online normalization must not use statistics from
held-out trajectories or unavailable future frames.

RGB uses the pretrained encoder’s input scaling. XYZ additionally undergoes modality-specific latent normalization,
defined below. Both action heads share the baseline’s controller-specific normalization. In the released Fast WAM
LIBERO configuration, this is a per-component affine min/max mapping derived from training data with nominal range
[−1, 1]. Other robot interfaces require their own controller conventions. Input, latent, and action normalization serve
distinct purposes and do not replace geometric calibration.

In our implementation, 𝒃 is a fixed workspace center and 𝒔 = 𝑠𝟏 an isotropic scale; for the LIBERO experiments
𝒃 = (0.531, 0.063, 0.214)m and 𝑠 = 0.5793m. Normalized coordinates are clipped to [−1, 1], and pixels without
valid geometry are set to zero, which is the mid-gray value of the 8-bit visualization used in our figures. In simulation,
pointmaps are back-projected from rendered metric depth with the simulator’s camera intrinsics and camera-to-base
transforms; points farther than 2 m from the camera and points more than 5 cm below the table surface are marked
invalid. On the real robot, pointmaps are computed from the RGB-D depth images with the calibrated camera poses
(Section 6).
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4.3. Multimodal encoding
Let 𝑣 and 𝑣 be the encoder and decoder of the pretrained video variational autoencoder (VAE). Following the

video-compatible encoding principle of 4DNeX, RGB and normalized pointmaps are encoded in separate applications
of the VAE [4]. We write rgb and xyz to distinguish the modality pathways; these symbols do not require separately
pretrained encoder weights. With frozen VAE parameters, their latent sequences are

𝑍rgb = rgb(𝐼), 𝑍xyz = xyz(𝑃 ), 𝑍𝑚 ∈ ℝ𝑇𝑧×ℎ×𝑤×𝑐 . (10)
Here 𝑇𝑧, ℎ,𝑤 are the compressed temporal and spatial dimensions, and 𝑐 is the latent channel count. The pointmap
branch encodes organized XYZ images, preserving the grid structure required by the video backbone.

For XYZ latent statistics 𝝁xyz and 𝝈xyz estimated on the training set, define

𝑍xyz = (𝑍xyz − 𝝁xyz)⊘ (𝝈xyz + 𝜀). (11)
The statistics are broadcast over the corresponding latent channels. Decoding first inverts this normalization; Eq. (9)
then restores robot-frame units. RGB latents retain the pretrained backbone’s scaling. Below, both modality latents refer
to their normalized forms unless stated otherwise.

Current context must be encoded independently of future frames, either through the baseline’s causal observation
encoder or by encoding the observation separately. Selecting the first token after non-causal encoding of an entire
demonstration would violate this constraint. Training and inference use the same current-context construction, with the
diffusion-time embedding fixed at the clean endpoint 𝜏𝐶 = 0 and independent of the sampled future or action noise
level.

Language embeddings condition both branches through the baseline’s text pathway. The RGB–XYZ fusion and
associated positional settings follow 4DNeX [4]. Physical correspondence between paired observations is distinct from
their packed token positions.
4.4. Fusion strategies

The final model uses width-wise concatenation of RGB and XYZ latents:
𝑍𝐹 = 𝑤(𝑍rgb, 𝑍xyz) = Concat𝑤(𝑍rgb, 𝑍xyz) ∈ ℝ𝑇𝑧×ℎ×2𝑤×𝑐 . (12)

The operation is applied to both current context and future targets. Each 𝑍𝑚 already packs the main and wrist cameras
side by side, following the baseline’s two-camera layout, with 224 × 224 pixels per panel. The four panels appear in
the order RGB main, RGB wrist, XYZ main, XYZ wrist, producing a 224 × 896 frame (Fig. 3). This layout preserves
the pretrained latent channel width and permits cross-modal attention. The packed position of an XYZ panel does not
define a new camera view or physical image location. Shared rotary indices and explicit packed positions are separate
positional-encoding choices.

The following alternatives define the fusion design space, following 4DNeX’s modality-fusion analysis [4]:
• Channel fusion: concatenate at matching locations along the feature-channel dimension and adapt the input/output

projections to the increased channel count.
• Batch fusion: process modality-labeled samples separately. Without an explicit cross-modal interaction mechanism,

batch concatenation alone does not fuse information within a sample.
• Frame fusion: pack modality sequences along the temporal axis, retaining separate modality labels and the

original physical timestamps.
• Height fusion: place the latent grids above and below one another while retaining their shared image coordinates.
• Width fusion: use the side-by-side layout of Eq. (12), selected for the final model.

Figure 3 summarizes the layouts; Appendix A specifies their shapes, index mappings, tokenization, and interaction
operators. Channel fusion changes projection dimensions, while the other layouts may change token count or attention
cost. These differences must be accounted for in controlled comparisons. Concatenation exposes paired modalities to
shared computation; the action-consistency objective provides the additional task-level constraint.
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Figure 3: RGB–pointmap fusion layouts and the selected width-wise packing of two camera views. Paired RGB and XYZ
retain pixel correspondence; Appendix A gives the formulations.

4.5. Causal world–action transformer
Let 𝐶 denote clean current RGB/XYZ context tokens, 𝐹 noisy future fused tokens, and 𝐴 noisy action tokens. We

extend the Fast WAM visibility structure to the multimodal context [29], as illustrated in Fig. 4. For a query-group/key-
group ordering (𝐶, 𝐹 ,𝐴), the allowed-attention matrix is

𝐁 =
⎡

⎢

⎢

⎣

1 0 0
1 1 0
1 0 1

⎤

⎥

⎥

⎦

. (13)

An entry of one permits all attention edges within the corresponding block. The additive attention mask 𝐌 is zero on
permitted edges and −∞ elsewhere, giving

Attn(𝑄,𝐾, 𝑉 ) = sof tmax

(

𝑄𝐾⊤
√

𝑑
+𝐌

)

𝑉 . (14)

RGB and XYZ may interact within 𝐶 and within 𝐹 . The action group reads 𝐶 and its own chunk, while the future
group reads 𝐶 and future world tokens. Language conditioning is available separately to the permitted branches.

Causality separates available observations from unavailable future information; it does not require autoregressive
ordering within jointly generated video or action chunks. Bidirectional attention is therefore permitted within each
group. Since 𝐶 cannot read 𝐹 or 𝐴, additional transformer layers cannot relay future information to the action expert
through the context. Preprocessing, normalization, temporal encoding, and feature pooling must obey the same visibility
constraint.

The branches share context and training supervision, with their predictions coupled by the alignment loss. They do
not define a general action-conditioned transition model. The mask preserves the policy’s forward computation when
the future branch is removed.
4.6. Geometry–action alignment and training objective
4.6.1. Auxiliary action from the predicted future latent

Equation (7) gives the normalized clean future estimates 𝑍rgb and 𝑍xyz. The CNN directly reads their width-fused
latent grid:

𝐺 = Concat𝑤(𝑍rgb, 𝑍xyz), 𝐺 ∈ ℝ𝑇𝑧×ℎ×2𝑤×𝑐 . (15)
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Figure 4: Training and inference attention. Training separates future-world and action tokens; inference removes future
tokens and reuses cached current-context keys and values for action denoising.

The layout is retained without unpacking the modalities or concatenating them along channels. A small convolutional
head 𝜓 maps the fused future features to the action horizon:

𝐴aux = 𝜓 (𝐺) ∈ ℝ𝐻𝐴×𝑑𝑎 . (16)
Spatial feature extraction and temporal projection accommodate different 𝑇𝑧 and 𝐻𝐴. The head reads predicted world
features without access to expert hidden tokens or ground-truth actions. The readout does not identify individual XYZ
pixels with robot commands.

The expert’s clean action estimate under the same flow convention is
𝐴exp = 𝐴𝜏𝑎 − 𝜏𝑎𝑉𝜃,act(𝐴𝜏𝑎 , 𝜏𝑎;𝐶𝑡,𝓁), (17)

where 𝐴𝜏𝑎 is the noisy normalized action chunk. Both estimates share action units, channel order, horizon, and
normalization. Comparing Eq. (16) with an action velocity instead would mix different prediction targets.
4.6.2. Symmetric alignment

The geometry–action alignment objective is

align = 𝔼
[

1
𝐻𝐴𝑑𝑎

‖

‖

‖

𝐴aux − 𝐴exp‖
‖

‖

2

𝐹

]

. (18)

Gradients propagate through both predictions. With Δ = 𝐴aux−𝐴exp, the output gradients are proportional to Δ and −Δ,
respectively. The loss therefore updates the future-world readout, the action expert, and any shared trainable parameters.
Both predictions correspond to the same demonstrated interval.

The objective penalizes disagreement in action space without guaranteeing geometric or physical consistency.
The CNN may rely on appearance rather than XYZ, and two incorrect predictions may agree. Its contribution must
therefore be evaluated together with supervised world/action learning through alignment and geometry ablations. In a
multimodal demonstration distribution, independently sampled world and action trajectories may also represent different
futures. Equation (18) pairs predictions through demonstrated targets and their noisy interpolants; it does not guarantee
consistency between arbitrary independently sampled rollouts.
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4.6.3. Joint objective
The complete training loss is
 = 𝜆𝑎act

FM + 𝜆𝑟
rgb
FM + 𝜆𝑝

xyz
FM + 𝜆alignalign, (19)

where the nonnegative weights balance modality supervision and consistency. RGB and XYZ latent-velocity losses
supervise demonstrated appearance and geometry, while the action objective supervises demonstrated commands. No
additional auxiliary imitation or geometric reprojection loss is included. The 4DNeX-style post-optimization used for
offline reconstruction of predicted future pointmaps is a separate fitting procedure (Appendix B); it neither updates the
policy nor contributes a training loss.

Alignment couples a high-dimensional future predictor to a smaller action predictor, making its weight relevant to
optimization. The component losses are normalized separately in the formulation above. A zero-alignment ablation
retains pointmap input and future XYZ learning, whereas a zero-XYZ-loss ablation removes geometric prediction
supervision while retaining the input. These interventions test different contributions.
4.7. Efficient inference

At deployment, the model receives current RGB and robot-frame pointmaps, constructs their fused clean context,
and encodes that context through the world backbone once. Because 𝐶 is independent of 𝐹 and 𝐴 in Eq. (13), its
attention keys and values can be cached for the subsequent action steps. The action expert begins from 𝐴(𝐾) ∼  (0, 𝐈)
and follows a decreasing flow-time schedule 1 = 𝜏𝐾 > ⋯ > 𝜏0 = 0. The first-order update is

𝐴(𝑘−1) = 𝐴(𝑘) + (𝜏𝑘−1 − 𝜏𝑘)𝑉𝜃,act(𝐴(𝑘), 𝜏𝑘;𝐶𝑡,𝓁). (20)
Following Fast WAM, we use 𝐾 = 10 Euler updates and compute the current-context keys and values once at 𝜏𝐶 = 0.
The resulting normalized chunk is converted back to controller commands using −1

𝐴 . The robot executes a prefix and
replans with a new observation.

5. Simulation experiments
The simulation study separates nominal task performance, distribution shifts, and occlusion using benchmarks

that share the LIBERO task interface. LIBERO evaluates nominal performance, LIBERO-Plus introduces controlled
perturbations, and LIBERO-Occ occludes task-relevant objects in the third-person view. The same trained policy and
inference settings are used for all three.
5.1. Benchmarks and protocol

LIBERO [19] comprises four suites, Spatial, Object, Goal, and Long, each containing ten language-conditioned
tasks performed by a simulated Franka arm. We evaluate each task over 100 episodes from the benchmark initial states,
yielding 1,000 episodes per suite. Success rates are reported by suite and across all four suites.

LIBERO-Plus [6] varies camera viewpoint, robot initial state, language instruction, lighting, background texture,
sensor noise, and object layout. Its 10,030 task variants are evaluated without retraining policies learned from the
original LIBERO demonstrations. Table 3 reports success by suite and perturbation, together with unperturbed LIBERO
performance.

LIBERO-Occ [16] introduces occluded counterparts of the four suites. LIBERO objects are placed along the line of
sight between the third-person camera and the task-relevant object. A placement is retained if it occludes the target,
avoids scene collisions, and permits replay of the original demonstration. Each suite contains ten tasks, evaluated over
100 episodes per task. We report mean success over the resulting 1,000 episodes per suite.

For Noise, we use the original LIBERO-Plus image-corruption operators on the external RGB view. These operators
do not directly corrupt the wrist RGB image or simulator depth, from which the pointmaps are constructed. The Noise
results therefore evaluate robustness to external-view image corruption with the remaining inputs available.
5.2. Baselines

The simulation comparisons cover three groups:
• Vision–language–action models: OpenVLA [12], OpenVLA-OFT [10], RIPT-VLA [25], 𝜋0 [1], 𝜋0-FAST [20],
𝜋0.5 [21], UniVLA [2], and NORA [8]. The LIBERO-Occ comparison additionally includes the Unified Vision-
Language-Action Model [27], also named UniVLA but distinct from Bu et al. [2].
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Table 1
Model and experiment configuration. Backbone, action-expert, and baseline optimization settings follow Fast-WAM [29].

Parameter Setting

Video foundation model Wan2.2-TI2V-5B
World transformer 30 layers; hidden width 3072; feed-forward width 14336
Action transformer 30 layers; hidden width 1024; feed-forward width 4096
Attention configuration 24 heads, head dimension 128 in both branches
Video latent / patch size 48 channels / 1 × 2 × 2
Text conditioning T5 features of width 4096; up to 128 tokens
Model size 6.3B parameters
Camera inputs Main and wrist RGB-D; XYZ expressed in the robot base frame
Panel / packed frame 224 × 224 / 224 × 896 pixels
Visual training sequence 9 frames including the observation; 4 control steps apart
Action / proprioception 7 / 8 dimensions in the LIBERO interface
Action chunk / execution 32 predicted actions / first 10 executed before replanning
Action inference 10 Euler updates; current-context keys and values cached once
Control frequency 20Hz
Optimizer / learning rate AdamW / 10−4
Weight decay / gradient clipping 0.01 / 1.0
Learning-rate schedule / precision Cosine annealing / mixed precision
Evaluation step limit 400 for Spatial, Object, and Goal; 700 for LIBERO-10
LIBERO / LIBERO-Occ evaluation 100 episodes per task; 10 tasks per suite
Real-robot demonstrations 50 per task
Real-robot training 2 epochs per policy
Real-robot evaluation 25 trials per reported policy–task pair

• World action models: Cosmos Policy [11], Fast WAM [29], and WorldVLA [3]. Fast WAM is the direct
architectural reference: GeoAlign-WAM retains its video backbone, action interface, and deployment procedure
while adding pointmap input, future XYZ supervision, and action alignment.

• Geometry-aware policies: 𝜋0.5 with Spatial Forcing [15] or ROCKET alignment [24].
For LIBERO-Occ, Table 4 distinguishes main-camera-only policies from the main-and-wrist-camera inputs of Fast
WAM and GeoAlign-WAM.
5.3. Implementation details

GeoAlign-WAM builds on Fast WAM [29], coupling the Wan2.2-5B video diffusion transformer [26] to a smaller
action expert through shared attention. The policy observes the third-person (agentview) and wrist cameras. For each
camera, rendered depth is back-projected into robot-base pointmaps using Eq. (8) and normalized as in Section 4.2.
The pointmaps are paired with registered RGB images. Four 224 × 224 panels form the 224 × 896 input described in
Section 4.4. The visual training sequence contains the current frame and eight future frames separated by four control
steps, covering the 32-step action chunk. Actions follow the seven-dimensional delta end-effector interface of Eq. (2) at
20 Hz. At inference, the expert performs 𝐾 = 10 flow updates, executes the first ten actions, and replans. Episodes
begin after 30 settling steps. Following the Fast WAM evaluation configuration, the limit is 400 control steps for Spatial,
Object, and Goal, and 700 for LIBERO-10; evaluation uses a fixed random seed. Table 1 summarizes the configuration.

The baseline training recipe and optimization settings follow Fast WAM [29]; RGB–XYZ fusion follows 4DNeX
[4]. The added CNN and alignment objective are described in Section 4.6.
5.4. Results
5.4.1. Nominal task performance

Table 2 summarizes LIBERO and LIBERO-Plus performance. GeoAlign-WAM achieves 97.4% mean success on
nominal LIBERO, with rates of 98.1%, 98.3%, 96.9%, and 96.3% on Spatial, Object, Goal, and Long, respectively
(Table 3). The mean is 0.2 percentage points below Fast WAM’s 97.6%. The observed benefit therefore lies primarily in
performance under visual shifts and occlusion.
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Table 2
Aggregate success rates (%) on LIBERO and LIBERO-Plus [6]. Orig. and Plus denote performance on original LIBERO
and overall LIBERO-Plus, respectively; Size denotes model size. Cam.: camera viewpoint; Robot: robot initial state;
Lang.: language instruction; Light: lighting; BG: background texture; Noise: sensor noise; Layout: object layout. For
GeoAlign-WAM, each perturbation score is the equal-weight mean over four suites; Plus is the equal-weight mean over all
28 suite–perturbation entries.

Method Size Orig. Plus Cam. Robot Lang. Light BG Noise Layout

VLAs
𝜋0.5 [21] 3.3B 96.9 84.6 72.0 76.6 86.5 96.1 95.2 86.7 86.0
OpenVLA-OFT [10] 7B 97.1 69.6 56.4 31.9 79.5 88.7 93.3 75.8 74.3
RIPT-VLA [25] 7B 97.5 68.4 55.2 31.2 77.6 88.4 91.6 73.5 74.2
𝜋0 [1] 3.3B 91.3 69.3 61.0 40.8 63.7 89.3 84.1 80.1 75.9
𝜋0-FAST [20] 3.3B 85.5 61.6 65.1 21.6 61.0 73.2 73.3 74.4 68.8
UniVLA [2] 8.5B 95.2 42.9 1.8 46.2 69.5 69.0 81.0 21.2 31.9
NORA [8] 3B 87.9 39.0 2.2 37.0 65.1 45.7 58.6 12.8 62.1
OpenVLA [12] 7B 76.5 15.6 0.8 3.5 23.0 8.1 34.8 15.2 28.5

WAMs
Cosmos-Policy [11] 2B 98.5 82.4 73.4 63.3 89.3 98.9 83.5 89.3 84.0
Fast-WAM [29] 6B 97.6 50.0 16.4 44.5 68.9 78.2 53.7 37.7 60.7
WorldVLA [3] 7B 79.1 25.0 0.1 27.9 41.6 43.7 17.1 11.0 38.0

Geometry-aware VLAs
𝜋0.5 + Spatial Forcing [15] 3.3B 94.0 25.7 0.1 0.3 26.8 66.0 45.9 0.1 59.8
𝜋0.5 + ROCKET [24] 3.3B 95.3 47.5 30.9 75.6 29.3 69.2 47.0 25.4 62.0

GeoAlign-WAM (ours) 6.3B 97.4 81.0 79.4 72.2 77.7 81.4 95.2 88.6 72.5

5.4.2. Robustness to distribution shifts
Averaging equally over four suites and seven perturbation dimensions, GeoAlign-WAM achieves 81.0% success on

LIBERO-Plus (Table 2). The difference from Fast WAM varies by perturbation (Table 3). Under camera shifts, the
four suite rates are 73.4%, 94.5%, 95.4%, and 54.3%, exceeding Fast WAM by 59.0, 69.2, 87.3, and 36.6 percentage
points, respectively. Gains also occur for robot-state changes in Goal (89.3% versus 24.7%) and for background and
sensor-noise changes in Long (87.4% versus 22.8%, and 83.2% versus 28.5%). Nominal benchmark performance alone
therefore does not characterize sensitivity to altered observations.

The gains do not extend to every perturbation. Under Object layout changes, GeoAlign-WAM reaches 72.8%,
compared with Fast WAM’s 73.0%; Goal lighting yields 63.1% versus 75.3%, and Long language changes yield 58.2%
versus 60.1%. Several VLA baselines also perform better in language and layout settings. For example, 𝜋0.5 achieves
89.6% under Long language changes and 98.2% under Spatial layout changes, compared with 58.2% and 81.8% for
GeoAlign-WAM. The results support improved robustness to specific visual shifts, while leaving substantial variation
across perturbation types.
5.4.3. Occlusion robustness

On LIBERO-Occ (Table 4), GeoAlign-WAM achieves 83.1% mean success, compared with 71.2% for Fast WAM,
a gain of 11.9 percentage points. Improvements are 9.9, 11.9, 12.0, and 13.9 points on Spatial, Goal, Object, and
LIBERO-10, respectively. Both methods use main and wrist cameras, holding view availability fixed. The first five
baselines use only the main view, so those comparisons also reflect differences in available observations. Gains over
Fast WAM occur across all four suites, including longer task sequences. The case studies illustrate the complementary
observations available when one view is occluded.
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Table 3
LIBERO-Plus success rates (%) by task suite and perturbation. Orig. denotes unperturbed LIBERO. Cam.: camera viewpoint;
Robot: robot initial state; Lang.: language instruction; Light: lighting; BG: background texture; Noise: sensor noise; Layout:
object layout. 𝜋∗

0 denotes the results reported by LIBERO-Plus [6] for the official openpi LIBERO checkpoint.

Method Orig. Cam. Robot Lang. Light BG Noise Layout

(a) LIBERO-Spatial
VLAs
𝜋0.5 [21] 98.8 76.6 86.3 96.4 97.9 99.6 92.0 98.2
OpenVLA-OFT [10] 97.6 88.3 40.0 80.5 98.3 97.3 96.3 93.9
RIPT-VLA [25] 97.5 85.4 38.0 99.7 99.7 100.0 92.0 92.3
𝜋0 [1] 96.8 70.7 49.1 67.9 92.8 95.0 87.7 94.0
𝜋∗0 [6] 96.8 17.8 6.6 58.8 89.7 90.7 90.9 89.1
𝜋0-FAST [20] 96.4 87.2 26.9 84.2 37.0 97.7 93.2 95.5
UniVLA [2] 96.5 1.1 52.6 83.9 96.6 90.7 15.7 69.5
NORA [8] 92.2 4.3 50.9 63.8 66.8 65.5 12.5 84.6
OpenVLA [12] 84.7 0.0 3.7 27.7 12.3 50.4 12.0 40.7
WAMs
Cosmos Policy [11] 98.1 83.5 59.7 96.4 99.7 85.3 91.7 95.1
Fast-WAM [29] 98.2 14.4 44.0 69.5 87.3 69.8 35.0 60.5
WorldVLA [3] 85.6 0.0 44.3 46.3 65.1 19.8 11.7 46.1
Geometry-aware VLAs
𝜋0.5 + ROCKET [24] 96.4 14.9 18.0 35.4 50.7 45.0 13.7 48.6

GeoAlign-WAM (ours) 98.1 73.4 78.3 95.5 98.0 99.4 84.3 81.8

(b) LIBERO-Object
VLAs
𝜋0.5 98.2 86.4 71.9 91.0 99.0 99.2 96.2 91.1
OpenVLA-OFT 98.4 38.9 25.4 99.0 73.7 97.6 72.3 71.8
RIPT-VLA 97.5 37.9 26.4 80.8 85.9 99.2 68.0 70.1
𝜋0 98.8 80.1 31.9 75.4 94.3 85.9 87.9 76.2
𝜋∗0 98.8 22.2 8.3 70.0 90.9 91.1 87.0 76.2
𝜋0-FAST 96.8 72.0 27.6 71.5 71.0 95.2 93.1 84.5
UniVLA 96.8 0.0 42.2 86.9 25.6 81.5 10.4 27.3
NORA 95.4 0.5 28.4 76.4 25.3 54.8 5.7 55.8
OpenVLA 88.4 0.5 4.5 21.0 1.0 45.2 11.4 22.4
WAMs
Cosmos Policy 100.0 88.6 61.6 94.1 99.7 96.8 97.4 86.4
Fast-WAM 100.0 25.3 64.1 96.3 97.9 77.8 63.7 73.0
WorldVLA 89.0 0.0 26.4 57.2 20.5 17.3 18.0 53.6
Geometry-aware VLAs
𝜋0.5 + ROCKET 98.8 41.4 27.1 44.6 91.6 69.8 34.1 83.6

GeoAlign-WAM (ours) 98.3 94.5 71.8 98.8 100.0 95.8 97.3 72.8

(c) LIBERO-Goal
VLAs
𝜋0.5 98.0 77.2 73.6 70.5 93.2 92.5 87.3 70.4
OpenVLA-OFT 97.9 62.0 25.2 53.2 93.9 92.5 75.2 59.1
RIPT-VLA 97.5 65.7 23.2 45.4 74.2 79.7 71.0 59.8
𝜋0 95.8 56.6 43.3 43.2 90.3 84.7 82.8 59.8
𝜋∗0 95.8 12.3 5.6 39.3 84.2 76.5 76.5 44.7
𝜋0-FAST 88.6 70.8 20.5 47.3 95.3 60.9 69.7 51.6
UniVLA 95.6 3.9 37.9 45.6 89.6 78.3 33.5 22.6
NORA 89.4 2.9 31.1 56.6 60.6 60.5 18.2 53.9
OpenVLA 79.2 2.5 2.7 21.5 9.0 27.1 19.5 25.6
WAMs
Cosmos Policy 98.2 64.0 64.1 73.4 100.0 85.1 75.2 65.2
Fast-WAM 97.0 8.1 24.7 49.8 75.3 44.5 23.7 48.0
WorldVLA 82.6 0.3 30.6 42.2 68.8 30.3 13.5 47.4
Geometry-aware VLAs
𝜋0.5 + ROCKET 96.6 41.2 36.9 27.6 57.0 47.0 28.2 46.8

GeoAlign-WAM (ours) 96.9 95.4 89.3 58.4 63.1 98.2 89.6 59.6

(d) LIBERO-Long
VLAs
𝜋0.5 92.4 49.2 76.1 89.6 93.8 90.3 73.1 85.9
OpenVLA-OFT 94.5 38.7 38.2 87.0 89.4 86.8 63.5 76.9
RIPT-VLA 97.5 34.1 38.4 88.3 93.4 89.3 66.4 79.2
𝜋0 73.8 38.7 39.9 69.7 79.2 72.3 64.6 77.6
𝜋∗0 85.2 3.8 3.6 68.4 74.5 69.5 64.4 69.6
𝜋0-FAST 60.2 33.2 12.0 43.6 91.6 44.6 46.1 47.8
UniVLA 92.0 1.9 53.2 64.2 65.7 74.4 25.4 16.4
NORA 74.6 1.2 39.4 64.0 30.3 54.0 15.1 59.5
OpenVLA 53.7 0.0 3.0 22.2 10.6 19.4 17.6 28.3
WAMs
Cosmos Policy 97.6 58.9 67.4 94.8 96.4 68.9 91.8 92.9
Fast-WAM 95.2 17.7 45.3 60.1 52.2 22.8 28.5 61.2
WorldVLA 59.0 0.0 12.2 20.6 20.4 1.7 1.6 4.4
Geometry-aware VLAs
𝜋0.5 + ROCKET 89.2 25.3 38.4 11.0 77.0 29.4 23.8 71.5

GeoAlign-WAM (ours) 96.3 54.3 49.3 58.2 64.3 87.4 83.2 75.6
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5.5. Case studies
Figures 5–7 show three closed-loop rollouts of the LIBERO-Spatial instruction “pick up the black bowl in the

top drawer of the wooden cabinet and place it on the plate”: a nominal scene, a LIBERO-Plus camera shift, and a
LIBERO-Occ occluder. Each figure contains five main-camera keyframes and their base-frame pointmaps, a wrist
RGB/pointmap pair before grasping, seven joint-angle trajectories, gripper opening, replanning instants, and the 3D
end-effector trajectory. These successful episodes illustrate behavior; aggregate performance is reported in Tables 2–4.
Images are rendered offline from recorded simulator states.
5.5.1. Case S1: nominal scene

In the nominal case (Fig. 5), the end effector starts at (0.45, 0.02, 0.27)m in the base frame and descends into
the open top drawer, where the bowl lies below the rim. The gripper closes at step 60 (𝑡 = 3.0 s), reducing the
measured finger opening from 80 mm to 5 mm while pinching the bowl rim. The bowl is lifted to 𝑧 = 0.32m as the
arm travels approximately 0.23 m along 𝑦𝐵 toward the plate. Success is reached at 𝑡 = 7.2 s with the end effector at
(0.72, 0.25, 0.03)m. The weakly textured drawer interior appears in the pointmap as a recessed region, and the bowl’s
pointmap color changes with its position. Before grasping (𝑡 = 2.25 s), the wrist view shows the bowl between the
fingers; the pointmap distinguishes the drawer, handle, and bowl from the table. Joint trajectories remain smooth across
all 15 replanning instants, with consecutive action chunks continuing the motion.
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Figure 5: LIBERO-Spatial case (task 4, 144 control steps): main-camera RGB/XYZ keyframes, a wrist view, joint angles
and gripper opening, and the 3D end-effector trajectory. XYZ colors encode robot-base coordinates.

5.5.2. Case S2: camera viewpoint shift
In the LIBERO-Plus case (Fig. 6), the main camera moves backward, reducing the apparent size of the robot and

objects and revealing the table edges (the inset shows the nominal view). Static surfaces retain their pointmap colors
because the coordinates remain in the robot base frame, despite changes in image position and size. The motion closely
follows the nominal case: grasping occurs at step 50 (𝑡 = 2.5 s), transport reaches 𝑧 = 0.32m, and the episode ends at
𝑡 = 6.55 s with the end effector at (0.73, 0.24, 0.04)m, approximately 2 cm from the nominal endpoint. The unaffected
wrist view shows the bowl beneath the gripper in the open drawer before grasping.
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Table 4
Success rate (%) on LIBERO-Occ [16]. Views lists the available camera inputs; Avg. is the mean over the four suites.

Method Views Spatial Goal Object LIBERO-10 Avg.

UniVLA [27] Main 61.00 67.40 78.80 21.20 57.10
OpenVLA [12] Main 39.20 37.40 65.60 20.40 40.65
OpenVLA-OFT [10] Main 48.00 44.80 75.60 23.40 47.95
𝜋0 [1] Main 52.40 56.00 72.40 16.40 49.30
𝜋0.5 [21] Main 39.00 40.20 64.00 19.00 40.55

Fast-WAM [29] Main + wrist 74.4 73.3 67.3 69.8 71.2
GeoAlign-WAM (ours) Main + wrist 84.3 85.2 79.3 83.7 83.1

t = 0.00 s

(1) start

nominal

t = 1.75 s

(2) approach

t = 2.50 s

(3) grasp

t = 4.10 s

(4) transport

t = 6.55 s

(5) place (success)

wrist RGB

wrist PBt

−2

0

2

jo
in

t a
ng

le
 (r

ad
)

(1) (2) (3) (4) (5)
q1 q2 q3 q4 q5 q6 q7

0 1 2 3 4 5 6
time (s)

0

80

w
id

th
(m

m
)

0.5
0.7

x -0.1
0.1

y

0.0

0.2 z

open closed

(1) (2)

(3)

(4)

(5)

m
ai

n 
R

G
B

m
ai

n 
P
B t

wrist, t = 1.75 s

3D end-effector path (m)

Figure 6: LIBERO-Plus viewpoint perturbation (131 control steps). The inset shows the nominal view; the remaining plots
follow Fig. 5.

5.5.3. Case S3: occluded target
In the LIBERO-Occ case (Fig. 7), a wooden board lies between the main camera and the plate, leaving only part of

the plate rim visible. The pointmap distinguishes the near-camera board from the plate behind it. During approach, the
wrist camera observes the drawer and bowl; the board occupies only the upper-left image region and does not occlude
the bowl. Grasping occurs at step 50 (𝑡 = 2.5 s). The bowl reaches a peak transport height of 0.35 m, approximately
2–3 cm above the other two cases, before being lowered behind the board onto the plate. Success is reached at 𝑡 = 6.5 s
with the end effector at (0.71, 0.24, 0.04)m. Despite the different images, endpoints across the three cases differ by at
most 3 cm in the base frame.
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Figure 7: LIBERO-Occ case (130 control steps). The occluder is outlined in the first keyframe; the remaining plots follow
Fig. 5.

6. Real-robot experiments
6.1. Setup

The real-robot platform comprises a 7-DoF Franka arm with a parallel-jaw gripper (Fig. 8) and two RGB-D cameras.
The external main camera is positioned approximately 1.0 m in front of the robot base and 0.6 m above it, facing the
robot; the wrist camera is mounted on the gripper. Both provide 640 × 480 color and depth images at 15 Hz. Intrinsics
are obtained from the camera drivers. The main-camera pose is calibrated in the base frame, while the wrist-camera
pose follows from hand–camera calibration and measured robot state. Depth images are converted to pointmaps using
Eq. (8), with invalid-depth pixels masked. The policy receives the same 224 × 896 packed frame used in simulation.

A policy server returns 32-step chunks of seven-dimensional end-effector increments. The robot executes these in a
20 Hz control loop and requests a new chunk before the current one is exhausted. Each normalized action is scaled to a
maximum translation of 12 mm and rotation of 0.036 rad per axis. The controller limits contact force and total episode
displacement. An operator terminates each episode upon completion or failure, subject to a 120 s time limit.
6.2. Tasks, data and baselines

The three tasks assess placement precision, relative object positioning, and color-conditioned goal selection. In Pick
Cup, the robot grasps a pink cup and places it upright on a yellow plate. In Stack the Cup, it grasps a yellow cup and
nests it inside a green cup. In Color Match, it places a yellow cup on the plate of the same color while a white plate acts
as a distractor. Task-specific policies are trained from 50 demonstrations per task. The baselines are:

• 𝜋0.5 [21], adapted through full-parameter fine-tuning on the task demonstrations.
• Fast WAM [29], using RGB only, with the same task data, backbone, action interface, and inference settings as

GeoAlign-WAM.
All real-robot policies are trained for two epochs.
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Real-robot workcell
Franka arm

Wrist RGB-D

Main RGB-D

xB
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zB

Base frame B

Policy Robot
RGB + XYZ, two views

Action chunk

Pick Cup Stack the Cup Color Match

Arrows: placement goals

Paired camera observations

RGB main RGB wrist XYZ main XYZ wrist

Gray: missing depth

Figure 8: Real-robot workcell, the three manipulation tasks, and paired RGB/XYZ observations from the main and wrist
cameras. Gray pointmap pixels indicate missing depth.

Table 5
Real-robot success rate (%), with 25 trials per reported task. Average is the mean across the three tasks.

Method Pick Cup Stack the Cup Color Match Average

𝜋0.5 [21] 64 48 76 62.7
Fast WAM, RGB only [29] 72 68 72 70.7
GeoAlign-WAM (ours) 80 84 88 84.0

6.3. Evaluation protocol
Each policy–task pair is evaluated over 25 trials. An operator labels task completion, and success rates are computed

from these trial outcomes.
6.4. Results

Table 5 reports success rates of 80%, 84%, and 88% for GeoAlign-WAM on Pick Cup, Stack the Cup, and Color
Match, respectively, corresponding to 20, 21, and 22 successes in 25 trials. Mean success is 84.0%, compared with
70.7% for RGB-only Fast WAM and 62.7% for 𝜋0.5, giving gains of 13.3 and 21.3 percentage points. Improvements
over Fast WAM are 8, 16, and 16 points across the three tasks.

These rates are descriptive estimates from 25 trials per task. The selected rollouts illustrate observed behavior but
do not establish failure frequency or causes. The comparisons also do not isolate alignment from geometric input or
controller settings.
6.5. Case studies

Figures 9–11 pair one successful GeoAlign-WAM trial per task with recorded failures of 𝜋0.5 and RGB-only Fast
WAM. Trials were selected for visibility of the relevant behavior in the main camera. Joint angles were recovered from
recorded transforms between consecutive links; forward kinematics reproduces the measured end-effector position with
a median error below 0.02 mm in all three trials. Times are measured from the start of each recording.

Across these trials, approach motion primarily involves elbow (𝑞4) and wrist (𝑞6) flexion, with shoulder motion (𝑞2)
in Color Match. The arm remains stationary during gripper closure and opening, while base and upper-arm joints (𝑞1,
𝑞3) contribute most of the transfer motion.
6.5.1. Case R1: Pick Cup

The policy begins acting at 𝑡 = 7.4 s and lowers the gripper toward the pink cup, with changes of −0.39 rad in 𝑞4and +0.33 rad in 𝑞6 during descent (Fig. 9). The fingers close on the cup wall between 𝑡 = 17.0 and 18.9 s. Rotations
of approximately 0.2–0.3 rad in each of 𝑞1, 𝑞3, and 𝑞7 lift and transport the cup. It is released over the plate between
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𝑡 = 24.9 and 26.1 s, lands upright, and remains there for the final 8 s. Before grasping, the wrist image shows the cup
rim at its right edge. The pointmap, defined on the depth camera’s image grid, resolves the table but contains no valid
depth in the nearest region. In the 𝜋0.5 failure, the cup is grasped and lifted but misses the plate and lands on the table
behind it. RGB-only Fast WAM approaches the cup and then moves to the plate without it.
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Figure 9: Pick Cup case (34.5 s recording): main and wrist RGB/XYZ views, reconstructed joint angles and measured
gripper opening, the 3D end-effector trajectory, and same-task failure frames from 𝜋0.5 and RGB-only Fast WAM.

6.5.2. Case R2: Stack the Cup
Stack the Cup requires lowering the yellow cup into the slightly larger opening of the green cup (Fig. 10). The

gripper closes between 𝑡 = 13.6 and 15.5 s. Transfer and descent take approximately 13 s, with net joint changes of
0.16 rad in 𝑞1 and 0.14 rad in 𝑞3. The cup is released inside the green cup between 𝑡 = 28.2 and 29.4 s, and both remain
upright for the final 9 s. In the 𝜋0.5 failure, the yellow cup is brought over the green cup, which tilts during contact
before both cups fall. RGB-only Fast WAM releases the yellow cup beside the green cup, leaving them side by side.
6.5.3. Case R3: Color Match

Color Match requires placing the yellow cup on the yellow plate while avoiding the white distractor (Fig. 11). The
gripper closes between 𝑡 = 10.9 and 13.0 s. Transfer produces the largest motion among the three tasks: 𝑞4 and 𝑞2change by −0.52 and −0.48 rad. The cup is carried over the yellow plate at 𝑡 = 20.0 s, is released at low height between
𝑡 = 20.6 and 22.0 s, and settles upright at 𝑡 = 22.5 s. In the 𝜋0.5 failure, the cup tips after gripper contact, leaving the
yellow plate empty. RGB-only Fast WAM lifts the cup but stops between the two plates, leaving it outside both.
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Figure 10: Stack the Cup case (40.7 s recording), with the same views and plots as Fig. 9.
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Figure 11: Color Match case (32.2 s recording), with the same views and plots as Fig. 9.
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7. Conclusion
We presented GeoAlign-WAM, a world action model that combines a pretrained video prior with metric pointmaps

in the robot base frame. RGB and XYZ observations are encoded into compatible latent grids and fused along their
width. A world backbone predicts future appearance and geometry, while an action expert generates executable chunks
from current context alone. A convolutional readout maps the predicted future latent to an auxiliary action chunk, and
symmetric alignment couples it to the expert’s prediction. Future geometric supervision thus contributes to learning
while future synthesis is omitted at deployment. Evaluation covers nominal LIBERO, distribution shifts in LIBERO-Plus,
occlusion in LIBERO-Occ, and three real-robot tasks. GeoAlign-WAM achieves 97.4% mean success on nominal
LIBERO, 83.1% on LIBERO-Occ, and 84.0% across the real-robot tasks. The latter two improve over Fast WAM by 11.9
and 13.3 percentage points, respectively. LIBERO-Plus results show large gains under camera shifts, with remaining
weaknesses under some language and lighting changes.

The method relies on calibrated metric depth, and action agreement alone does not guarantee geometric correctness.
Future work will investigate learned metric geometry, uncertainty-weighted alignment, and transfer across tasks and
embodiments. We will also explore active observation and memory grounded in viewpoint evidence before manipulation
[9, 14], together with policy improvement from mixed-quality deployment experience [22].

A. RGB–pointmap fusion formulations
This appendix formalizes the five fusion layouts in Section 4.4, following 4DNeX [4]. GeoAlign-WAM uses width

fusion. The other layouts and interaction operators define candidates for controlled comparisons; they are not reported
as evaluated variants.
A.1. Paired latent grids and correspondence

Including the minibatch dimension, the normalized modality latents are
𝑋 = 𝑍rgb, 𝑌 = 𝑍xyz, 𝑋, 𝑌 ∈ ℝ𝑁×𝑇𝑧×ℎ×𝑤×𝑐 . (21)

Here𝑁 is the number of paired samples, and𝑤 includes the fixed main/wrist camera layout. Entries𝑋𝑛,𝑘,𝑖,𝑗,∶ and 𝑌𝑛,𝑘,𝑖,𝑗,∶share sample, time, and image-grid indices, but encode appearance and normalized metric coordinates, respectively.
Indices are zero-based, and [ ⋅ ; ⋅ ]𝑎 denotes concatenation along axis 𝑎.
A.2. Axis-wise fusion layouts
A.2.1. Channel fusion

At each location, concatenate the two feature vectors:
𝑍ch = [𝑋; 𝑌 ]𝑐 ∈ ℝ𝑁×𝑇𝑧×ℎ×𝑤×2𝑐 , 𝑍ch

𝑛,𝑘,𝑖,𝑗,∶ = [𝑋𝑛,𝑘,𝑖,𝑗,∶; 𝑌𝑛,𝑘,𝑖,𝑗,∶]. (22)
A patch projection mixes the paired channels. For 𝑞 grid locations per patch, the input dimension increases from 𝑞𝑐 to
2𝑞𝑐, and 𝑊 ch

in ∈ ℝ2𝑞𝑐×𝑑 projects it to backbone width 𝑑. The output projection predicts 2𝑞𝑐 values, split into RGB and
XYZ velocities. At fixed patch size, the token count is unchanged, but both projections require dimension adaptation.
A.2.2. Batch layout

Stack the modalities as separate batch entries:
𝑍ba = [𝑋; 𝑌 ]𝑁 ∈ ℝ2𝑁×𝑇𝑧×ℎ×𝑤×𝑐 , 𝑍ba

𝑛,∶,∶,∶,∶ = 𝑋𝑛, 𝑍ba
𝑁+𝑛,∶,∶,∶,∶ = 𝑌𝑛. (23)

Standard transformer attention operates independently on each batch entry. Thus, for a shared sample-wise network 𝑓𝜃 ,
𝑓𝜃(𝑍ba) = [𝑓𝜃(𝑋); 𝑓𝜃(𝑌 )]𝑁 . (24)

Parameter sharing alone does not exchange information between paired RGB and XYZ inputs. A batch-layout comparison
must therefore specify how paired outputs are combined and supplied to the action branch. Cross-modal attention or
feature combination constitutes an additional operation.
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A.2.3. Frame fusion
Pack complete modality sequences along the latent-time axis:
𝑍f r = [𝑋; 𝑌 ]𝑇𝑧 ∈ ℝ𝑁×2𝑇𝑧×ℎ×𝑤×𝑐 , 𝑍f r

𝑛,𝑘,∶,∶,∶ = 𝑋𝑛,𝑘, 𝑍f r
𝑛,𝑇𝑧+𝑘,∶,∶,∶

= 𝑌𝑛,𝑘. (25)
Packed positions 𝑘 and 𝑇𝑧 + 𝑘 share a physical timestamp. Interleaving permutes this layout as 𝑍 int

𝑛,2𝑘 = 𝑋𝑛,𝑘 and
𝑍 int
𝑛,2𝑘+1 = 𝑌𝑛,𝑘, with consistent modality and position labels. Temporal patches must remain within a modality unless

mixed patches are explicitly intended.
A.2.4. Height fusion

Stack the two grids vertically:
𝑍ht = [𝑋; 𝑌 ]ℎ ∈ ℝ𝑁×𝑇𝑧×2ℎ×𝑤×𝑐 , 𝑍ht

𝑛,𝑘,𝑖,𝑗,∶ = 𝑋𝑛,𝑘,𝑖,𝑗,∶, 𝑍ht
𝑛,𝑘,ℎ+𝑖,𝑗,∶ = 𝑌𝑛,𝑘,𝑖,𝑗,∶. (26)

The packed row ℎ + 𝑖 corresponds to the same physical image row as 𝑖. The stacking boundary is a modality boundary,
not a spatial adjacency in the scene.
A.2.5. Width fusion

The adopted construction places XYZ beside RGB:
𝑍wd = [𝑋; 𝑌 ]𝑤 ∈ ℝ𝑁×𝑇𝑧×ℎ×2𝑤×𝑐 ,

𝑍wd
𝑛,𝑘,𝑖,𝑗,∶ = 𝑋𝑛,𝑘,𝑖,𝑗,∶, 𝑍wd

𝑛,𝑘,𝑖,𝑤+𝑗,∶ = 𝑌𝑛,𝑘,𝑖,𝑗,∶.
(27)

This is Eq. (12) with its batch axis restored. With two views per modality, the order is RGB main, RGB wrist, XYZ
main, XYZ wrist. Width fusion preserves the latent channel dimension. Its inverse is a fixed split:

𝑋 = 𝑍wd
∶,∶,∶,0∶𝑤,∶, 𝑌 = 𝑍wd

∶,∶,∶,𝑤∶2𝑤,∶. (28)
Each original axis length is assumed divisible by its patch size, so that a patch does not cross an artificial modality
boundary. The same packing and unpacking apply to clean context, noisy future latents, and predicted future velocities.
A.3. Tokenization, positions, and attention

Let a modality grid contain 𝐿 = (𝑇𝑧∕𝑝𝑡)(ℎ∕𝑝ℎ)(𝑤∕𝑝𝑤) patches of size (𝑝𝑡, 𝑝ℎ, 𝑝𝑤), with 𝑞 = 𝑝𝑡𝑝ℎ𝑝𝑤. Denote patch
extraction and flattening by  . For layouts that retain separate modality patches, one explicit token construction is

𝐻𝑚
𝑟 = (𝑍𝑚)𝑟𝑊in + 𝑒𝑚 + 𝑒pos(𝛾𝑟), 𝑚 ∈ {rgb, xyz}, (29)

where 𝑊in ∈ ℝ𝑞𝑐×𝑑 , 𝑒𝑚 is a modality embedding, and 𝛾𝑟 records physical time, view and image-grid position. A rotary
implementation applies the corresponding indices to queries and keys instead of adding 𝑒pos. Equation (29) specifies
a correspondence-preserving option for comparing layouts; the adopted width-fusion configuration follows 4DNeX.
Packing alone neither supplies a modality embedding nor determines the rotary indices.

Channel fusion yields 𝐿 joint tokens per sample. Under the divisibility assumption, frame, height, and width fusion
yield 2𝐿 tokens, while batch layout yields two independent sets of 𝐿 tokens. Unrestricted self-attention therefore forms
an 𝐿 × 𝐿 matrix, a 2𝐿 × 2𝐿 matrix, or two separate 𝐿 × 𝐿 blocks, respectively. These dimensions describe attention
arithmetic rather than measured latency or total model cost.

For joint token processing, let 𝐻 = [𝐻 rgb;𝐻xyz]𝐿. Cross-modal exchange arises through the off-diagonal blocks
of

𝑄 = 𝐻𝑊𝑄, 𝐾 = 𝐻𝑊𝐾 , 𝑉 = 𝐻𝑊𝑉 ,

𝑆 = sof tmax
(

𝑄𝐾⊤∕
√

𝑑ℎ +𝑀
)

=
[

𝑆𝑟𝑟 𝑆𝑟𝑝
𝑆𝑝𝑟 𝑆𝑝𝑝

]

,

𝐻 ′
rgb = 𝑆𝑟𝑟𝑉rgb + 𝑆𝑟𝑝𝑉xyz, 𝐻 ′

xyz = 𝑆𝑝𝑟𝑉rgb + 𝑆𝑝𝑝𝑉xyz.

(30)

Each output is a single-head feature matrix in ℝ𝐿×𝑑ℎ , where 𝑑ℎ is the head width; multiple heads are concatenated and
projected. These modality blocks are distinct from the current/future/action groups in Eq. (13). RGB and XYZ can
interact within 𝐶 or 𝐹 , while 𝐴 cannot attend to 𝐹 . Packing permutations must preserve the corresponding group mask
and positional metadata.
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A.4. Feature-combination alternatives
Aligned features 𝑈 = 𝐻 rgb and 𝑉 = 𝐻xyz can also be combined without sequence concatenation. The following

operators are alternatives to, rather than components of, the reported width-fusion model.
A.4.1. Projected concatenation and addition

For projection matrices of compatible size,
𝐻cat = [𝑈 ;𝑉 ]𝑑𝑊𝑐 + 𝑏𝑐 , 𝐻add = 𝑈𝑊𝑟 + 𝑉 𝑊𝑝 + 𝑏, (31)

where 𝑊𝑐 ∈ ℝ2𝑑×𝑑 and 𝑊𝑟,𝑊𝑝 ∈ ℝ𝑑×𝑑 . Both produce one token per aligned location. A single linear projection of
concatenated features is algebraically equivalent to projected addition when 𝑊𝑐 = [𝑊 ⊤

𝑟 𝑊 ⊤
𝑝 ]⊤ and the biases match.

They become different designs only when their parameter constraints or nonlinear processing differ.
A.4.2. Gated fusion

A data-dependent gate can interpolate the projected features:
𝐺 = 𝜎([𝑈 ;𝑉 ]𝑑𝑊𝑔 + 𝑏𝑔), 𝐻gate = 𝐺 ⊙ (𝑈𝑊𝑟) + (1 − 𝐺)⊙ (𝑉 𝑊𝑝). (32)

Here 𝑊𝑔 ∈ ℝ2𝑑×𝑑 , 𝑏𝑔 ∈ ℝ𝑑 , and 𝜎 is the sigmoid. The gate supplies a learned weight for each token and output
channel. Interpreting it as depth confidence would require calibration; invalid-depth masks and confidence inputs must
be specified separately if used.
A.4.3. Bidirectional cross-attention

Separate modality streams can exchange information through
𝑈 = 𝑈 + Attn(𝑈𝑊 𝑟

𝑄, 𝑉 𝑊
𝑝
𝐾 , 𝑉 𝑊

𝑝
𝑉 )𝑊

𝑟
𝑂,

𝑉 = 𝑉 + Attn(𝑉 𝑊 𝑝
𝑄, 𝑈𝑊

𝑟
𝐾 , 𝑈𝑊

𝑟
𝑉 )𝑊

𝑝
𝑂 .

(33)

Both updates use the incoming𝑈, 𝑉 . A subsequent operator such as Eq. (31) supplies the combined context to the policy.
Such a design introduces additional projections and attention operations, which must be included in any parameter,
memory and runtime comparison.
A.5. Future readout and comparison protocol

The CNN in Eq. (15) directly reads the predicted clean width-fused latent 𝑍wd. The modality split in Eq. (28) is
used to recover separate outputs, not as a preprocessing step for the CNN. Alternative transformer layouts can retain the
same normalized action space and alignment target.

Controlled fusion comparisons must hold paired demonstrations, normalization, current/future visibility, action
horizon, and evaluation protocol fixed. Changes to projections, interaction layers, positional encoding, trainable
parameters, and computational cost must be reported. Modality losses are evaluated after reversing the corresponding
layout. No empirical ranking is assigned to these alternatives; their evaluation remains pending in Section 5.4.

B. Offline reconstruction of predicted future pointmaps
B.1. Scope and coordinate convention

We adopt 4DNeX post-optimization [4] to reconstruct predicted future pointmaps offline after world generation and
decoding. This procedure is separate from latent flow matching and geometry–action alignment and is excluded from
the deployed action policy.

For a camera view, let 𝑃 𝑘 be the decoded normalized XYZ map at future time 𝑡+ 𝛿𝑘. Inverting latent normalization
before decoding and then restoring the workspace transform gives

𝑃𝐵𝑘 = 𝑃 𝑘 ⊙ 𝒔 + 𝒃. (34)
Fitting retains the robot base frame and metric scale. Independent centering of predicted frames would discard the
offsets needed to recover their positions.
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B.2. Camera and depth fitting
Let 𝐊 denote intrinsics for one camera stream, 𝐑𝐵𝐶,𝑘 ∈ SO(3) its camera-to-base rotation, 𝒄𝐵𝑘 ∈ ℝ3 its camera origin

in the base frame, and 𝑑𝑘(𝑢) > 0 a depth variable at pixel 𝑢. The point represented by these variables is
𝑃𝐵𝑘 (𝑢) = 𝐑𝐵𝐶,𝑘

[

𝑑𝑘(𝑢)𝐊−1𝑢̃
]

+ 𝒄𝐵𝑘 , 𝑢̃ = (𝑢𝑥, 𝑢𝑦, 1)⊤. (35)
Using camera-to-base transforms makes this expression consistent with Eq. (8); it is equivalent to the inverse-extrinsic
convention in 4DNeX. Its camera/depth fitting objective is

minimize
𝐊,{𝐑𝐵𝐶,𝑘,𝒄

𝐵
𝑘 ,𝑑𝑘}

𝑇
𝑘=1

1
∑

𝑘 |Ω𝑘|

𝑇
∑

𝑘=1

∑

𝑢∈Ω𝑘

‖

‖

‖

𝑃𝐵𝑘 (𝑢) − 𝑃𝐵𝑘 (𝑢)‖‖
‖

2

2
, (36)

where Ω𝑘 is the set of retained pixels. Including all pixels gives the unweighted point-fitting objective of the released
4DNeX implementation, up to constant normalization. The residual measures three-dimensional distance. Predicted
pointmaps remain fixed while camera and depth variables are optimized; RGB provides appearance for the reconstructed
points but does not enter the objective.

We use the released 4DNeX fitting configuration: intrinsics are shared within each camera stream, while poses and
depths vary by frame. Intrinsics, six-dimensional rotation parameters, translations, and pixel depths are optimized with
Adam for 1,500 iterations at a learning rate of 5×10−3. The objective includes all predicted pixels, without an additional
validity mask, regularizer, or early-stopping rule. Initialization follows the released solver, and depths are clamped to a
minimum of 10−4 during fitting. Different cameras have separate intrinsic matrices. The fitted variables reconstruct each
sequence through Eq. (35). Camera-consistent fitting does not enforce temporal point identity or guarantee physically
correct interactions.
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