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A spatial-enhanced vision-language-action model trained on 1.1 million real robot episodes
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Problem Formulation

qInput

qLanguage Instruction: L

qObservations

qRGB Image: It-Δ, It

qRobot Proprio: St

qDepth: Zt

qOutput: 

qAction: at
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Generalist Robot Policies

3D physical intelligence cross mulFple robot environments and tasks

Vision- language-Model Robot Manipulation

OpenVLA: An Open-Source Vision-
Language-Action Model[2]

RT-2: New model translates vision and 
language into action[1]

π0: A Vision-Language-AcCon Flow Model for
General Robot Control[3]

physical interaction, complex tasks, various embodiments

q3D physical world are interactable

qAdap?ng the generaliza?on power of VLMs
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Foundation Vision-Language-Action Model Paradise
q VLM Auto-Regression[1][2]

q Scaling Transformers / Diffusion [5][6]

q VLM Denoise[3][4]

q World Model[7][8] (VPP + inverse dynamic model)

Large scaling training, instruc/on flowing Fine gained controlling, high frequency inference

Fine gained
Controlling

Benefiting from world 
model, higher potential

[1] OpenVLA: An Open-Source Vision-Language-Action Model   [2] FAST: Efficient Action Tokenization for Vision-Language-Action Models
[3] π0: A Vision-Language-Action Flow Model for General Robot Control   [4] Octo: An Open-Source Generalist Robot Policy
[5] Diffusion Policy Visuomotor Policy Learning via Action Diffusion   [6] RDT-1B: a Diffusion Foundation Model for Bimanual Manipulation 
[7] GR-2: A Generative Video-Language-Action Model with Web-Scale Knowledge for Robot Manipulation [8] Video Prediction Policy: A Generalist Robot Policy with Predictive Visual
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How to effectively equip VLA models with a profound spatial 
understanding of the 3D physical world?

qHeterogeneous Ac?on Movement Characteris?cs

wrist or third-person

qRobot observations are not 3D-alignedqVisual appearance variation

diverse scenarios, e.g., single-view cameras, varied lighting

different degrees of freedom workspace configurationdiverse motion controllers task complexity
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Goals of Spatial VLA

qFoundation VLA model with a profound spatial understanding of 3D physical world

qRobust and efficient across scene variation, e.g., visual appearance, object layouts

qPurely Hugging Face-based, concise code with efficient performance🤗 

qAchieves SOTA performance across a diverse range of evaluations

1.1 Million Robot
Episodes

Large-Scale Cross-Embodiment
Dataset Efficient Adaption Post-Training3D Scene SpaZal 

Understanding
Zero-Shot in-Distribution

Generalization
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Our Solution

SpaFal-aligned robot observaFon and acFon representaFons in universal 3D world
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Our Solution

Spatial-aligned robot observation and action representations in universal 3D world
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Our Solution

Spatial-aligned robot observation and action representations in universal 3D world
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• 8196 Resolution
• Gaussian Distribution
• 18.9 M
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Our Solution

Spatial-aligned robot observation and action representations in universal 3D world
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Our SoluIon

Spatial-aligned robot observation and action representations in universal 3D world
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Egocentric 3D PosiIon Encoding

integrate 3D spatial context with semantic features
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qHow to obtain the depth observation and
Camera Intrinsic?

qWhy we use feature add instead of
concatenate?

qIs accurate depth necessary for
manipulation?

qHow to maintain the stability of CLIP 
features?

qDINOv2 vs SigLIP?

https://huggingface.co/docs/transformers/model_doc/zoedepth

LLama3.2 3b + DINO v2
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Adaptive Action Grids

Encode robot acFons into adapFve spaFal acFon grids and with the 3D physical world
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PIVOT: IteraKve Visual PrompKng Elicits AcKonable Knowledge for VLMs
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Adaptive Action Grids

Encode robot actions into adaptive spatial action grids and with the 3D physical world
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Examples

• Robot ac(on space: 7 dimensions
• 6-DoF delta end-effector pose: Δposₓ, Δposᵧ, Δpos𝓏, Δrotₓ, Δrotᵧ, Δrot𝓏
• 1-DoF gripper control: Δgripper (binary: 0 = close, 1 = open)

• Each dimension is scaled to [-1, +1], then discre(zed into 8196 Spa(al Grids
• Δposₓ → -1 [1 | 2 | ... | 254 | 255] +1
• Δposᵧ → -1 [1 | 2 | ... | 254 | 255] +1

• ...
• Therefore, each ac(on âₜ can be represented by a string of 3 tokens
• Example:

• Raw acKon: [0.00 0.03 -0.82 0.00 -0.14 0.57 1.00]
• Tokenized: <ACTION00880> <ACTION05511> <ACTION08193>
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AdapIve AcIon Grids from Gaussian DistribuIon
X-Y Projection

Roll-Pitch Projection

Trans-X Distribution

Rot-Roll Distribution
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a) Action Distribution of ΔR and ΔT b) Action Grid Split from Distribution

c) Action Grids of ΔR and ΔT

Δroll

Δpitch

Δyaw

Δθ

Δφ

Δr

q Pre-training: Construct adaptive action grids
from dataset Gaussian distribution

qHow many Grids do we use during 
training? Does the resolution matter?

qWhy we use the polar coordinate for
translation?
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Pseudocode for SpaIalVLA acIon encoding and decoding



Adaptive Action Grids in pre-training and post-training

a) Action Distribution of ΔR and ΔT b) Action Grid Split from Distribution

c) Action Grids of ΔR and ΔT

Δroll

Δpitch

Δyaw

Δθ

Δφ

Δr

q Pre-training: Construct adaptive action grids
from dataset Gaussian distribution

New Robot Grids
OXE Grids

b) Action Grids Splita) Action Grids Transfer

c) Embedding Feature Adap>on

Embedding with
Feature Adaption

Embedding Pretrained
on OXE

Embedding Fine-tuned
on LIBERO-Spatial

q Post-training: Adjust action grids and spatial 
feature from robot-specific dataset
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#D Ablations on Design Decisions

Pre-training AblaKons on the Mixture Dataset of Google Fractal and BridgeData V2
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28 Datasets
1.1 Million Episodes

SpatialVLA Dataset Mixtures Details

Table.3 SpaKalVLA Dataset Mixtures Details.
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How to pre-train or post-train SpaIal VLA?
q Dataset and Parallel

q RLDS with 65536 shuffle buffer (recommend LeRobot)
q individually shuffle with random seed
q Data augmentation matters: color jitter, crop and rotation

q Computational Source
q pre-train: 64 A100 GPUS for 10 days
q post-train: 4~8 A100 GPUS for 6 hours

q Traning prams
q lr: 2e-5 for pre-train or full params post-train
1e-4 for LoRA tuning, linear scheduler, bs: 2048
q params: full params training except llm embeds
q mixed precision: bf16, DeepSpeed zero1, 1 epoch (457M)
q Spatial Grids 8194, Ego3d reso 2, freqs 8
q Template

q Deployment
q Action chunking helps, CogACT[1]

q WidowX, Franka, FastUmi XArm

<IMAGE> <IMAGE> <IMAGE> <IMAGE> <bos> What 
action should the robot take to pick the cup? \n
<ACTION00880> <ACTION05511> <ACTION08193> 4
<eos>

https://huggingface.co/IPEC-COMMUNITY

[1] CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation
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Experiments to serve as a generalist robot policy
q Experiment Setup: 7 robot learning scenarios, 16 real-robot tasks, and 48 simula/on setups

#A Performing Zero-shot Robot 
Control

SimplerEnv WidowX Robot

#C Evaluating Spatial Understanding 
Capability

LIBERO Spa8alFranka and WidowX

#D Ablations on Design 
Decisions

LIBERO

SimplerEnv

q Our model achieves SOTA performance across a diverse range of evaluations
Google Robot Match

Google Robot
Match Tuning

WidowX
Match
Tuning

LIBERO

WidowX Bridge
Match

Franka Robot
MulN-tasks

WidowX
Robot

Zero-shot

Google Robot
Agg

SpatialVLA (Ours)
RoboVLM

OpenVLA
TraceVLA

RT-1-X
RT-2-X

OCTO
Diffusion Policy

Simulation
Setup

Real Robot
Setup

SpatialVLA (Ours)

Octo RT-1-X

OpenVLARoboVLM
Diffusion Policy

#B Effectively Adapting to New Robot 
Setups

Franka MulC-tasks LIBERO

Adapting to New Robot Setup SpaKal Understanding ANDMORE!
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#A Performing Zero-shot Robot Control (simpler env simulator)
q How well does Spa$alVLA directly perform on a variety of in-distribu$on tasks aPer pre-training on 

large-scale robo$c data mixture?

Google Robot Match

Google Robot
Match Tuning

WidowX
Match
Tuning

LIBERO

WidowX Bridge
Match

Franka Robot
Multi-tasks

WidowX
Robot

Zero-shot

Google Robot
Agg

SpatialVLA (Ours)
RoboVLM

OpenVLA
TraceVLA

RT-1-X
RT-2-X

OCTO
Diffusion Policy

Simulation
Setup

Real Robot
Setup

Table.1 SimplerEnv evalua>on across different policies on Google Robot tasks.

Table.2 SimplerEnv evaluation across different policies on WidowX Robot tasks.

https://github.com/DelinQu/SimplerEnv-OpenVLA3/30/25 24
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#A Performing Zero-shot Robot Control (WidowX Robot Setup)
q How well does Spa$alVLA directly perform on a variety of in-distribu$on tasks aPer pre-training on 

large-scale robo$c data mixture?

motion distractorsunseen background language groundingunseen object pose

#close microwave #lift red chill pepper
#put the carrot in the

plate

#put the eggplant in the
basket

#put purple cup on the
white plate

#put green cup on
the pink cloth

#put purple cup on the pink
cloth
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#B Effectively Adapting to New Robot Setups
q Experiment Setup: 7 robot learning scenarios, 16 real-robot tasks, and 48 simulation setups

#8-11 multi-task of push/place/put/close #Single-tasks Success #Instruction Success #Multi-tasks Success #Overall Success

Multi-tasks SpatialVLA (Ours)Octo OpenVLADiffusion Policy

Diffusion Policy❌ Octo⚠ OpenVLA⚠ SpatialVLA✅
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#C Evaluating Spatial Understanding Capability
q Experiment Setup: 7 robot learning scenarios, 16 real-robot tasks, and 48 simulation setups
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SpaUalVLA (Ours)Octo RT-1-X OpenVLARoboVLMDiffusion Policy

#1 place plush toy 
closest to robot on car

#2 put green cup on the 
pink cloth

(cup height change)

#4 put the carrot in the 
plate

(pot height change)

#3 put green cup on the 
pink cloth

(cup height change)

ta
sk
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WidowX Zero-shotFranka Fine-tune
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Limitations of Spatial VLA

q Training only on robot ac$on data, w/o QA
q Insufficient instruc/on-following ability
q language model collapse

q More Generalizable Distribu$on FiVng
q Is modeling data distribu/ons as Gaussian op/mal? Single axis mo/on?
q Dataset noises can further distort the spa/al grid distribu/on

q More Flexible VLA architectures beyond AR
q 21Hz inference speed is slower than diffusion decoding
q Integra/ng diffusion decoding with spa/al grid and exploring dynamic token numbers for ac/on 

mapping will be valuable
q Not well-suited for Long-Horizon Reasoning
q Higher-Quality Diverse Data

q Pre-trained on OXE and RH20T, but the variable quality of OXE data can hinder training
q Exploring op/mal data composi/on and dis/lling for boos/ng model efficiency and generalizability
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Roadmap of Embodied AI
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Toward the More Generalist Agents System

Helix: A Vision-Language-Action Model for Generalist Humanoid Control, Figure AI Hi Robot: Open-Ended InstrucCon Following with Hierarchical
Vision-Language-AcCon Models, Physical Intelligence
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Toward the More Generalist Agents System
q Hierarchical and Flexible VLA architectures

q Hierarchical Autonomy Stack: System1-System2
q Cross-embodied Learning
q More powerful foundation vision-language-action model

q Long-Horizon Reasoning
q Spatial awareness in physical word, e.g., 3d, bounding box, April Tags
q Instruction-following ability

q Higher-Quality Diverse Data
q Combine simulation data and real-world data
q Web Data
q Reward Data

q Reinforcement Learning with Large Datasets [1][2]
q Test-time-scaling and reasoning
q Robotic lifelong reinforcement learning
q Large-Scale Benchmark

q LIBERO, RL Bench, CALVIN, Simpler Env
q VLA Bench

3/30/25 36



Thanks for all the collaborators
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Roadmap of Embodied AI

Large-scale DatasetFoundation Vision-
language-action

Model

Simulator
Real:Sim

BenchMark

Test-time-scaling
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