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Robotics Transformer 2 (RT-2)

Motivation:

• Existing methods generally address only the “higher level” aspects of
robotic planning, essentially taking the role of a state machine that
interprets commands and parses them into individual primitives, which
are then executed by separate low-level controllers that themselves do
not benefit from the rich semantic knowledge of Internet-scale models
during training.

• Can large pretrained vision-language models be integrated directly into
low-level robotic control to boost generalization and enable emergent
semantic reasoning?

Brohan et al. Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, CoRL, 2023
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Robotics Transformer 2 (RT-2)

Approaches: https://robotics-transformer2.github.io/

∆ Directly train vision-language models designed for open-vocabulary visual
question answering and visual dialogue to output low-level robot actions,
along with solving other Internet-scale vision-language tasks.

∆ Tokenize the actions into text tokens and create multimodal sentences
that respond to robotic instructions paired with camera observations by
producing corresponding actions.

∆ If we augment the command with chain of thought prompting, the model
is able to make even more complex semantic inferences.

Brohan et al. Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, CoRL, 2023
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Robotics Transformer 2 (RT-2)

Robot-Action Fine-tuning:

∆ In order to define a target for VLM fine-tuning we convert the action
vector into a single string by simply concatenating action tokens for each
dimension with a space character:
“terminate ∆posx ∆posy ∆posz ∆rotx ∆roty ∆rotz gripper extension”
A possible instantiation could be: “1 128 91 241 5 101 127”.

∆ A key technical detail of the training recipe that improves robot perfor-
mance is co-fine-tuning robotics data with the original web data instead of
näıve finetuning on robot data only.

∆ Constrain output vocabulary via only sampling valid action tokens when
the model is prompted with a robot-action task, whereas the model is still
allowed to output the full range of natural language tokens on standard
vision-language tasks.

Brohan et al. Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, CoRL, 2023
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Robotics Transformer 2 (RT-2)

Limitation:

∆ The model’s physical skills are still limited to the distribution of skills
seen in the robot data, but it learns to deploy those skills in new ways. We
believe this is a result of the dataset not being varied enough along the axes
of skills.

∆ The computation cost of these models is high, and as these methods are
applied to settings that demand high-frequency control, real-time inference
may become a major bottleneck.

Brohan et al. Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, CoRL, 2023
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An Open-Source VLA Model (OpenVLA)

Motivation:

• Current VLAs are closed, with limited visibility into model architecture,
training procedures, and data mixture. They focus on training and
evaluating in single robot or simulated setups and thus lack generality.

• Existing works do not provide best practices for deploying and adapting
VLAs to new robots, environments, and tasks, especially on commodity
hardware (e.g., consumer-grade GPUs).

Kim et al. OpenVLA: An Open-Source Vision-Language-Action Model, CoRL, 2024
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An Open-Source VLA Model (OpenVLA)

Approaches: https://github.com/openvla/openvla

∆ Introduce OpenVLA, a 7B-parameter open-source VLA that establishes
a new state of the art for generalist robot manipulation policies.

∆ OpenVLA consists of a pretrained visually-conditioned language model
backbone that captures visual features at multiple granularities, fine-tuned
on a large, diverse dataset of 970k robot manipulation trajectories from the
Open-X Embodiment dataset.

∆ The first to demonstrate the effectiveness of compute-efficient fine-tuning
methods leveraging low-rank adaptation and model quantization to facilitate
adapting OpenVLA models on consumer-grade GPUs instead of large server
nodes without compromising performance.

Kim et al. OpenVLA: An Open-Source Vision-Language-Action Model, CoRL, 2024
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An Open-Source VLA Model (OpenVLA)
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An Open-Source VLA Model (OpenVLA)

Key learnings from explorations:

VLM Backbone. The Prismatic policy outperforms the LLaVA policy by
roughly 10% in absolute success rate across both simple single-object tasks
and multi-object, language grounding tasks, thanks to improved spatial rea-
soning capabilities afforded by the fused SigLIP-DinoV2 backbones.

Image Resolution. On many VLM benchmarks, increased resolution does
improve performance, but we did not see this trend (yet) for VLAs.

Fine-Tuning Vision Encoder. Fine-tuning the vision encoder during VLA
training to be crucial for good VLA performance, as the pretrained vision
backbone may not capture sufficient fine-grained spatial details about im-
portant parts of the scene to enable precise robotic control.

Kim et al. OpenVLA: An Open-Source Vision-Language-Action Model, CoRL, 2024
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An Open-Source VLA Model (OpenVLA)

Key learnings from explorations:

Training Epochs. It is important for VLA training to iterate through the
training dataset significantly more times, with real robot performance con-
tinually increasing until training action token accuracy surpasses 95%. The
final training run completes 27 epochs through its training dataset.

Learning Rate. Achieved the best results using a fixed learning rate of 2e-5
(the same learning rate used during VLM pretraining). Did not find learning
rate warmup to provide benefits.

Training. The final model is trained on a cluster of 64 A100 GPUs for 14
days, or a total of 21,500 A100-hours, using a batch size of 2048.

Kim et al. OpenVLA: An Open-Source Vision-Language-Action Model, CoRL, 2024
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An Open-Source VLA Model (OpenVLA)
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An Open-Source VLA Model (OpenVLA)

Limitation:

∆ Real-world robot setups are heterogeneous, with a wide range of possible
sensory inputs. OpenVLA currently only supports single-image observations.

∆ Improving the inference throughput of OpenVLA is critical to enable
VLA control for high-frequency control setups such as ALOHA, which runs
at 50Hz.

∆ Many VLA design questions remain underexplored: What effect does the
size of the base VLM have on VLA performance? Does co-training on robot
action prediction data and Internet-scale vision-language data substantially
improve VLA performance? What visual features are best-suited for VLA
models?

Kim et al. OpenVLA: An Open-Source Vision-Language-Action Model, CoRL, 2024
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Vision-Language-Action Flow Model π0

Motivation: Developing generalist robot policies (robot foundation models)
involves a number of major challenges.

• Research must be done at a very large scale, because the full benefits
of large-scale pre-training are often not present at smaller scales.

• It requires developing the right model architectures that can effectively
make use of diverse data sources, while at the same time being able to
represent the intricate and subtle behaviors necessary to interact with
complex physical scenes.

• It requires the right training recipe. Much of the recent progress with
large models in NLP and computer vision has relied heavily on delicate
strategies for curating pre-training and post-training data.

Black et al. π0: A Vision-Language-Action Flow Model for General Robot Control, arXiv, 2024
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Vision-Language-Action Flow Model π0

Approaches: https://www.pi.website/blog/pi0

∆ Utilize a pre-trained VLM to import Internet-scale experience, inheriting
the general knowledge, semantic reasoning, and problem-solving abilities of
language and vision-language models.

∆ Utilize a variety of diverse robot data sources, employing cross-embodiment
training, where data from many robot types is combined into the same
model.

∆ Use an action chunking architecture with flow matching to represent
complex continuous action distributions, and use a novel action expert that
augments the standard VLM with flow-based outputs.

Black et al. π0: A Vision-Language-Action Flow Model for General Robot Control, arXiv, 2024
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Vision-Language-Action Flow Model π0

Limitation:

∆ Understanding what type of data is more helpful to add and how it should
be weighted remains an open problem.

∆ It remains unclear how to predict how much and what kind of data is
needed to attain near-perfect performance.

∆ It remains to be seen how much positive transfer there is in combining
highly diverse data, particularly from different tasks and different robots.

Black et al. π0: A Vision-Language-Action Flow Model for General Robot Control, arXiv, 2024
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Unified Vision-Language-Action Model (UniVLA)

Motivation:

• Most existing VLA approaches follow a language-centric paradigm: vi-
sual observations are first projected into a semantic space, and action
policies are subsequently derived based on these representations. This
late-fusion strategy limits the formation of deeply coupled cross-modal
representations and impedes the learning of temporal and causal de-
pendencies across the perception-action loop.

• Can vision, language, and action be jointly modeled within a unified
representation space to facilitate tighter cross-modal integration and
more effective policy learning?

Wang et al. Unified Vision-Language-Action Model, ICLR, 2026
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Unified Vision-Language-Action Model (UniVLA)

Approaches: https://github.com/baaivision/UniVLA

∆ Unified token representation. At the modality level, vision, language, and
action signals are all transformed into discrete tokens and modeled using a
shared vocabulary.

∆ An autoregressive Markov chain-based sequence modeling approach, where
observations and actions are interleaved.

∆ Integrating the world model paradigm during training and leveraging
large-scale robotics videos for self-supervised learning, allowing the model
to capture environment dynamics in a temporally consistent and causally
grounded manner.

Wang et al. Unified Vision-Language-Action Model, ICLR, 2026
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Unified Vision-Language-Action Model (UniVLA)

Perform full-parameter training for 50k steps using 32 A100 GPUs (40GB),
which takes approximately 4–5 days.

Wang et al. Unified Vision-Language-Action Model, ICLR, 2026
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Unified Vision-Language-Action Model (UniVLA)

Limitations:

∆ While the unified multimodal framework exhibits strong capabilities in
cross-modal learning, further research is needed to fully integrate it with
reinforcement learning paradigms, enabling more robust and adaptive policy
learning.

Wang et al. Unified Vision-Language-Action Model, ICLR, 2026
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Spatial Representations for VLA (SpatialVLA)

Motivation:

• Existing VLA models are primarily confined to 2D observation inputs
and lack precise perception and comprehension of the 3D physical
world. How to effectively equip the VLA models with a profound spa-
tial understanding of the 3D physical world?

• The observations from different robot embodiments are not 3D-aligned,
because the camera sensors of different robots are various and mounted
at different places, resulting in non-calibrated 3D observation spaces.

• Different robots have different action movement characteristics to ac-
complish diverse tasks, due to different degrees of freedom, motion
controllers, workspace configurations, and task complexity, leading to
significant difficulty in learning generalizable spatial actions.

Qu et al. SpatialVLA: Exploring Spatial Representations for Visual-Language-Action Model, arXiv, 2025
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Spatial Representations for VLA (SpatialVLA)

Approaches: https://github.com/SpatialVLA/SpatialVLA

∆ SpatialVLA perceives 3D world through Egocentric 3D (Ego3D) Position
Encoding to integrate 3D spatial context with semantic features.

∆ SpatialVLA unifies the action space of various robots via Adaptive Action
Grids, which discretizes the continuous robot actions into adaptive spatial
grids according to statistical action distributions on the whole robot episodes
and learns spatial action tokens on these grids to align cross-robot actions
with the 3D spatial structure of the physical world.

Qu et al. SpatialVLA: Exploring Spatial Representations for Visual-Language-Action Model, arXiv, 2025
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Spatial Representations for VLA (SpatialVLA)
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Spatial Representations for VLA (SpatialVLA)

SpatialVLA is pretrained with 1.1 Million real-robot demonstrations from the OXE and
RH20T dataset on a cluster of 64 A100 GPUs for 10 days, using a batch size of 2048.

Qu et al. SpatialVLA: Exploring Spatial Representations for Visual-Language-Action Model, arXiv, 2025
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Spatial Representations for VLA (SpatialVLA)

Limitation:

∆ Gaussian modeling is suboptimal, as it can lead to grid clustering on spe-
cific coordinate axes in extreme robot operation scenarios, such as singleaxis
motion, resulting in lost motion capabilities on other axes.

∆ Although SpatialVLA achieves 21Hz inference speed, it is slower than
diffusion decoding, which decodes tokens into multiple consecutive actions.

∆ As the model relies solely on current frame observations and history tokens
for action prediction, it faces challenges in long-horizon tasks.

∆ SpatialVLA is pretrained on OXE and RH20T, but the variable quality of
OXE data can hinder training.

Qu et al. SpatialVLA: Exploring Spatial Representations for Visual-Language-Action Model, arXiv, 2025
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3D-VLA

Motivation:

• Human beings are situated within a far richer 3D physical world beyond
2D images - they reason, plan, and act based on their 3D understanding
of the environment.

• Existing foundation models focus on language generation, unable to
imagine modalities beyond language and simulate future states to fa-
cilitate action generation, which is a crucial aspect of world models.

• Existing embodied datasets mainly contain 2D images or videos, lacking
3D-related annotations for reasoning and planning in the 3D space.

Zhen et al. 3D-VLA: A 3D Vision-Language-Action Generative World Model, ICML, 2024
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3D-VLA

Approaches: https://github.com/UMass-Embodied-AGI/3D-VLA

∆ Build 3D-VLA on top of a 3D large language model to equip the model
with 3D understanding ability.

∆ First pretrain a set of embodied diffusion models for RGBD-to-RGBD
and point-to-point generation respectively. To efficiently bridge between
the diffusion decoders of various modalities and the LLM embedding space,
employ a projector that aligns multi-modal goal generation in 3D-VLA.

∆ Curate a large-scale 3D embodied instruction tuning dataset, collecting
2M 3D-language-action data pairs, covering various tasks such as task cap-
tioning, action prediction, localization, multimodal goal generation, etc.

Zhen et al. 3D-VLA: A 3D Vision-Language-Action Generative World Model, ICML, 2024
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3D-VLA
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3D-VLA

Pretraining: 30 epochs on 6 × 32 V100s, batch size 4 on each node. Alignment stage: a
maximum of epochs of 20 on 6 × 64 V100s, batch size 2 on each node.

Zhen et al. 3D-VLA: A 3D Vision-Language-Action Generative World Model, ICML, 2024
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CALVIN https://github.com/mees/calvin

CALVIN is a simulated benchmark tailored for evaluating long-horizon, language condi-
tioned robotic manipulation. It comprises four simulated environments (A, B, C, and D),
each containing demonstration trajectories collected via human teleoperation. The bench-
mark encompasses 34 distinct manipulation tasks with a total of 1,000 unique language
instructions.

Mees et al. CALVIN: A Benchmark for Language-Conditioned Policy Learning for Long-Horizon Robot Manipulation Tasks,
arXiv, 2022
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CALVIN https://github.com/mees/calvin

Multimodal observations with a wide range of sensors, including RGB and depth images
from both the fixed and the gripper camera, and a vision-based tactile sensor.

Mees et al. CALVIN: A Benchmark for Language-Conditioned Policy Learning for Long-Horizon Robot Manipulation Tasks,
arXiv, 2022
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CALVIN https://github.com/mees/calvin

Mees et al. CALVIN: A Benchmark for Language-Conditioned Policy Learning for Long-Horizon Robot Manipulation Tasks,
arXiv, 2022
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LIBERO https:

//github.com/Lifelong-Robot-Learning/LIBERO

The LIBERO benchmark is a comprehensive suite for lifelong robotic manipulation, com-
prising four task suites with 10 tasks and 50 human demonstrations each. These suites
are designed to evaluate different generalization abilities: LIBERO-Spatial tests spatial
reasoning by varying layouts with fixed objects; LIBERO-Object assesses object-level gen-
eralization with varying objects in a fixed scene; LIBERO-Goal targets goal-conditioned
behavior by varying task goals; and LIBERO-Long (LIBERO-10) features long-horizon,
compositional tasks with diverse objects, layouts, and goals, challenging temporal and
compositional reasoning.

Mees et al. CALVIN: A Benchmark for Language-Conditioned Policy Learning for Long-Horizon Robot Manipulation Tasks,
NeurIPS, 2023
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LIBERO https:

//github.com/Lifelong-Robot-Learning/LIBERO

Liu et al. LIBERO: Benchmarking Knowledge Transfer for Lifelong Robot Learning, NeurIPS, 2023
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SimplerEnv
https://github.com/simpler-env/SimplerEnv

SimplerEnv serves as a simulation benchmark designed to evaluate the transferability
and generalization capabilities of models trained on real-world video data. It incorpo-
rates diverse manipulation setups across both the WidowX and Google Robot platforms,
encompassing variations in lighting conditions, object textures, color distributions, and
camera viewpoints.

Li et al. Evaluating Real-World Robot Manipulation Policies in Simulation, CoRL, 2024
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SimplerEnv
https://github.com/simpler-env/SimplerEnv

Li et al. Evaluating Real-World Robot Manipulation Policies in Simulation, CoRL, 2024
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