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Abstract

Robotic Foundation Models (RFMs) hold great promise
as generalist, end-to-end systems for robot control. Yet
their ability to generalize across new environments, tasks,
and embodiments remains limited. We argue that this
stems from their foundations: most RFMs are built by
fine-tuning internet-pretrained Vision-Language Models
(VLMs). However, these VLMs are trained on 2D image-
language tasks and lack the 3D spatial reasoning inherently
required for embodied control in the 3D world. Bridging
this gap is challenging due to the lack of diverse large-scale
robotic data. Instead, we propose to enrich non-robotic
image data with 3D annotations and enhance a pretrained
VLM with 3D understanding capabilities. We build SPEAR-
VLM: a 3D-aware VLM that infers object coordinates in 3D
space from a single 2D image. Building on SPEAR-VLM,
we introduce our main contribution, SPEAR-1: a robotic
foundation model that combines language-instructed em-
bodied control with grounded 3D perception. We train
SPEAR-1 on ∼45M frames from 24 Open X-Embodiment
datasets and show it outperforms or matches state-of-the-
art models such as π0-FAST and π0.5 while using 20× fewer
robot demonstrations. This training strategy unlocks new
VLM capabilities and as a consequence boosts the relia-
bility of embodied control beyond what is achievable with
robot-only data. We make our model weights and 3D-
annotated datasets publicly available.

1. Introduction

Vision-Language-Action (VLA) modeling has emerged as
a promising paradigm for building generalist, end-to-end
systems for robot control. Their success relies on two fac-
tors: (1) the strong visual-linguistic understanding inher-
ited from internet-scale pretraining of the underlying VLM,
which provides broad “common sense” knowledge and (2)
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Figure 1. Robotic foundation models performance on different
embodiments w.r.t amount of robotic training data. SPEAR-1 out-
performs state-of-the-art π0-FAST [31] and matches π0.5 [5] on
Franka embodiment while using 20× less robot demonstrations
data.

training on large, diverse datasets of robot demonstrations.
However, building effective VLA models (VLAs) still

comes with several challenges. First, most off-the-shelf
VLMs are trained on 2D image-language tasks and thus
lack the 3D spatial reasoning inherently required for em-
bodied control in the 3D world. Second, acquiring and scal-
ing robot demonstration data is costly and time-consuming,
making it difficult to reach the data volumes needed for ro-
bust generalization [12].

Intuitively, 3D spatial reasoning capabilities can be ac-
quired solely from visual data with 3D annotations, without
any need to resort to expensive robot demonstration data. To
address this, we integrate a pretrained depth encoder in an
existing VLM and train the resulting model, called SPEAR-
VLM, on 3D understanding tasks. In particular, in order to
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Figure 2. SPEAR-1 stages of training. Stage 0: General VLM pretraining on web scale data, e.g. PaliGemma. Stage 1: Integrate a mono
depth vision encoder in PaliGemma VLM to build SPEAR-VLM and train it on embodied-inspired VQA tasks, e.g. 3D bounding box
estimation or object-to-object distance estimation. We use 2D images from non-robotic data, enriched with 3D annotations. Stage 2: Add
a randomly-initialized action expert to our 3D-enhanced SPEAR-VLM to train a generalist robotic foundational model, SPEAR-1, on robot
demonstration data from OpenX [30]. Each stage boosts the model's robotics-relevant knowledge and capabilities, but simultaneously the
abundance and diversity of data decreases.

embed as much control-relevant 3D knowledge in the VLM,
we design the tasks in this pretraining stage to be as close
as possible to the embodied tasks a VLA needs to learn. For
example, SPEAR-VLM is trained to estimate the xyz com-
ponents of 3D bounding boxes and distances between ob-
jects - tasks which intuitively an embodied VLA also needs
to solve implicitly for accurate translation control.

Building on SPEAR-VLM, we introduce SPEAR-1,
a robotics foundation model that combines language-
instructed embodied control with grounded 3D perception.
We �nd that by addressing the 3D understanding problem
during the VLM training stage, we can actually reduce robot
demonstration data requirements 20� and achieve superior
performance than state-of-the-art robot foundation models
such as �0-FAST [31] and match �0:5 [5].

Unlike previous works that try to address the challenge

of 3D knowledge for robot control, SPEAR-1 demonstrates
improvement on foundation level. It is capable of achiev-
ing state-of-the-art robot control on multiple robot embodi-
ments solely by �ne-tuning for the target embodiment rather
than the speci�c target evaluation environment. Further-
more, SPEAR-1 demonstrates how signi�cant amounts of
robot demonstration data can be 'replaced' by non-robotic
3D-annotated image data.

In summary, our work makes the following contribu-
tions:

• SPEAR-VLM: a VLM with embodied-inspired 3D capa-
bilities, e.g. localizing objects in 3D coordinates, trained
on enriched 2D-image non-robotic datasets and boosting
downstream VLA performance

• SPEAR-1: an open-weight robotics foundation model
with 3D understanding, which achieves signi�cant im-
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provements over state-of-the-art baselines.
• Substantial reduction in reliance on hard-to-collect

robotic data: by leveraging only 200k non-robotic 2D
images, SPEAR-1 outperforms state-of-the-art models
trained with more than 900M additional frames of
robotic demonstrations

2. Related Work

Spatial Understanding for VLMs. Majority of existing
VLMs trained on large-scale datasets have been limited to
�at 2D image understanding [3, 17, 25, 37, 39, 42]. Our
work builds on top of PaliGemma VLM [3] by integrating
the MoGe monocular depth estimator [43] as a supplemen-
tary vision backbone and training on manipulation-relevant
3D tasks to enhance the VLM understanding to 3D. Pre-
viously, Chen et al. [7] used a similar data annotation ap-
proach for training a 3D-aware VLM, but they do not inte-
grate a pretrained depth estimator in the VLM and neither
the model, nor the dataset is publicly accessible. Addition-
ally, unlike SpatialVLM [7] or RoboSpatial [36], trained on
high-level spatial relationships, our SPEAR-VLM focuses
on explicit 3D-coordinate prediction: a pretraining task in-
tuitively much closer to embodied control. SpatialBot [6]
also previously proposed a spatially-aware VLM targeting
robot control, but their method involves multi-step VLM in-
ference process and was never shown to integrate in a VLA
for generalist robotic control.

Vision-Language-Action Models. Recently, multiple
works have developed generalist robot policies [4, 5, 9, 19,
30, 31, 47] trained on multiple robot embodiments. Our
SPEAR-1 builds on top of the �0 architecture, but we initial-
ize the underlying VLM from our SPEAR-VLM to integrate
pretrained 3D understanding. Previously, SpatialVLA [33]
proposed integrating a monocular depth encoder [44] in
the VLA, but without any VLM alignment or pretraining
and therefore learning 3D capabilities entirely from hard-
to-collect robotic data. MolmoAct [20] recently proposed
a spatially-aware VLA, but the approach involves 'reason-
ing' at inference time, rendering the method impractical for
real-time control due to high latency. Most closely related,
Gemini Robotics 1.0 [40] follows a similar 3D pretraining
method to �ne-tune the signi�cantly larger Gemini 2.0 [32]
and distill into a smaller VLA with reasoning capabilities.
With the majority of the method details remaining undis-
closed, our work still differs in multiple important aspects:
(1) we investigate the bene�ts of 3D pretraining in isolation,
(2) train on substantially smaller and less diverse, but open-
access datasets from OpenX [30], (3) train a VLA capable
of running inference locally on the robot instead of in the
cloud and (4) demonstrate the ability to reduce robotic data
requirements with non-robotic 2D images.

3. Method

In this section, we describe SPEAR-1 and its training recipe
in detail. In section 3.1 we describe the architecture, data
generation pipeline, and training procedure of our 3D-aware
SPEAR-VLM. This stage aims to enhance the 3D spatial
understanding capabilities of an off-the-shelf VLM through
�ne-tuning on 3D spatial perception tasks. We then pro-
ceed, in section 3.2 to detail the architecture and training
procedure of SPEAR-1, which comprises a pre-training and
post-training stage. The pre-training stage involves training
on a large and diverse mixture of robot demonstration data
to acquire general knowledge of robot manipulation. Post-
training involves �ne-tuning for a speci�c embodiment.

3.1. SPEAR­VLM

Most recent robotics foundational models are based on
Vision-Language-Models (VLMs) pretrained on large cor-
pora of internet-scale text-image data. The architecture of
those models usually consists of a vision encoder, a vision-
to-text-embedding feature projector, and a LLM. The ma-
jority of the tasks on which VLMs are usually trained are
limited to 2D space [3, 17, 24], e.g. image captioning, 2D
bounding box detection, object segmentation, OCR, visual
question answering (VQA). To extend the capabilities of a
pretrained VLM to 3D understanding, we propose (1) ex-
tending the model architecture by adding a monocular depth
encoder and (2) training the VLM on VQA tasks that re-
quire explicit 3D reasoning.

VLM Architecture. Our model uses PaliGemma [3] as
backbone, but the same method can be used with any late-
fusion VLM [1, 10, 26]. PaliGemma consists of three main
components: (1) a SigLIP visual encoder [45], (2) a linear
projector that maps the visual tokens predicted by the vi-
sual encoder to the language model input space and (3) a
Gemma language model [38]. To enable the model to per-
ceive depth more accurately, we integrate the MoGe [43]
depth encoder as an additional vision encoder. We choose
MoGe due to its af�ne-invariant modeling approach, capa-
ble of �tting cameras with different intrinsics. Our intuition
is that af�ne-invariant depth should generalize better across
environments thus being better suited for learning feedback
control. Similar to MoGe decoder inputs, we concatenate
the intermediate features from the last 4 layers of the MoGe
ViT encoder along the feature dimension, project them to
the LLM embedding space via randomly-initialized linear
projector. The visual input to the LLM consists of the aver-
aged outputs of SigLIP and MoGe projectors. To encode 3D
information into text we extend the PaliGemma tokenizer
with N = 1024 3D tokens (see Appendix A.2.3).

3D pretraining tasks. Given the above architecture, we
propose a pre-training scheme to enable the model to lever-
age the depth information in MoGe's encoder features and
acquire 3D spatial understanding capabilities. To embed as
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Figure 3. SPEAR-VLM overview. Left: Training data mixture, annotations and example question-answer pairs. Right: High-level
architecture and fusion between SigLIP and MoGe encoders.

much control-relevant 3D knowledge in the VLM, we de-
sign VQA tasks inspired by some of the embodied tasks
a VLA needs to learn, e.g. Output the vertices of the 3D
bounding box of object X or Output the xyz components
of the distance between object X and object Y. Similar to
some VLA tasks, e.g. Place object X on object Y, our VLM
pre-training tasks require learning semantic 3D localization,
object-to-object spatial relations, and 3D coordinate system
geometry. For a full list of question-answer pairs, see Ap-
pendix A.2.1.

3D Vision-Question-Answering Data. There are few
open datasets that contain the annotations needed for the
proposed training scheme. We devise the following semi-
automatic annotation pipeline to enrich existing datasets
with the necessary annotations: object-level segmentation
masks, semantic labels and projected 3D point cloud. Im-
portantly, our pipeline requires only 2D images as input,
enabling the use of large-scale image datasets. We utilize
off-the-shelf vision foundation models as follows:

1. Use Gemini [8] to detect 2D bounding boxes and seman-
tic labels for the objects on the image.

2. Prompt SAM2 [34, 35] with the detected bounding
boxes to produce instance-level segmentation masks

3. Obtain 3D point cloud annotations for the entire image
via MoGe [43]

To construct a training example, we randomly sample a
templated prompt and an object (or several) from the im-
age, obtain the object 3D point cloud by �ltering the an-
noted MoGe 3D point cloud with the object segmentation
mask, and compute the oriented 3D bounding box as well as
any other 3D information needed to construct the question-
answer pair.

We focus on indoor environments and annotate the
”cooking” and ”bike repair” parts of EgoExo4D [13] which

already have segmentation masks, resulting in 200k images.
For visual diversity, we also annotate 30k frames of the
Bridge-V2 [41] robot demonstration dataset, downsampled
to 10% in the VLM training data mixture.

Training process. Similar to LLaVa [24], we train the
VLM in two stages. In the �rst stage, we initialize from
PaliGemma and MoGe weights, with the MoGe projector
and the LLM depth token embeddings initialized randomly.
We train only the randomly initialized weights and SigLIP
projector, keeping everything else frozen. In the second
and longer stage, we keep only SigLIP and MoGe encoders
frozen and we scale the next-token-prediction loss for depth
tokens by a factor � = 2.

3.2. SPEAR­1

SPEAR-1 builds upon SPEAR-VLM by extending it with
an action expert module to predict continuous actions via
conditional �ow matching. We provide a detailed overview
of the architecture and formulation in the following.

Preliminaries. Formally, we want to learn a function
�(�) mapping an observation ot to a sequence of robot ac-
tions At = [a t ; at+1 ; : : : at+H�1 ] over an horizon H. The
observation is de�ned as ot = [I 1

t ; : : : ; I n
t ; p t ; l t ], where

I i
t is the i-th image observation from an uncalibrated cam-

era , pt is a vector containing the robot state comprising
of the end-effector pose and gripper state, lt is a vector of
language tokens representing the language instruction. In
this work we focus on learning position control of �xed-
base single-arm manipulators. Each action in the sequence
is thus composed of an end-effector position control and
a gripper control. The end-effector control is de�ned as a
delta with respect to the current end-effector cartesian pose
� ee = [� trans ; � rot ]. The translation component, �trans

is in base frame and the rotation component, �rot , is in
end-effector frame and is represented as a quaternion. The
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