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Abstract— Vision-language-action (VLA) models have
emerged as a promising approach for executing long-horizon
manipulation tasks from natural language instructions by
reasoning over visual perception, linguistic context, and
embodied actions. Building on vision language models, VLAs
aim to generalize across tasks, objects, and environments while
operating under real-world conditions. This paper presents
an overview of the foundational principles underlying VLAs
for generalist robotic manipulation. We review commonly
used simulation frameworks and benchmarks, and categorize
recent VLA architectures according to their action generation
mechanisms. By providing a unified view of these topics,
this work aims to clarify the current design space of VLA
systems and identify trends and open challenges toward
general-purpose robotic manipulation.

I. INTRODUCTION

Vision-language-action (VLA) models extend the capa-
bilities of vision-language-models (VLMs) by incorporating
embodied actions and decision-making. While VLMs excel
at passive tasks, VLA systems focus on allowing agents,
often robots, to execute long-horizon, real-world tasks guided
by natural language instructions. This area requires adapt-
ing models to handle domain-specific challenges, including
continuous motion, real-time physical constraints, and 3D
environment understanding.

Despite the successes achieved in the linguistic and visual-
linguistic domains, the development of VLA foundation
models remains a work in progress. While language and
vision models benefit from massive datasets extracted from
the web, no equivalent large-scale repository of robot inter-
action data exists. As a result, learning new robotic skills
demands extensive, robot-specific data collection tailored to
the application [1].

Analogous to how humans leverage prior experience to ac-
quire new skills, a generalist robot policy could be adapted to
new tasks with relatively limited additional data. Generalist
models often outperform specialist systems precisely because
their massive pretraining enables better generalization and
transfer, even on the specialists’ own tasks [1].

Recent work therefore emphasizes large-scale pre-training
for robot learning, inspired by the success of foundation
models in vision and language. By utilizing data from
different tasks, embodiments, and environments, generalist
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VLA models can alleviate data scarcity while improving gen-
eralization, capturing behaviors that are unlikely to emerge
from narrowly specialized datasets.

This survey provides a systematic overview of the current
state of VLA models, including their history, architectural
designs, and the metrics and benchmarks used to evaluate
their performance. Throughout this paper, we aim to provide
readers with a foundational understanding of how VLA
models are developed and applied, with a particular emphasis
on their evolution toward generalist robotic manipulation.

Although several surveys have been published on VLAs
and related multimodal models, most either focus primarily
on visual or linguistic aspects, don’t provide an analysis
of evaluation metrics [2], or predate recent advances in
the field [3]. Consequently, few works assess how current
benchmarks measure performance in embodied contexts, and
even fewer concentrate specifically on robotic manipulation,
where challenges such as continuous control and action rate
play an important role.

The document is organized as follows: Section I introduces
the topic, Section II reviews current evaluation practices
for VLA models, including commonly used metrics and
frameworks. Section III surveys the main VLA models and
their architectural designs. Finally, Section IV concludes the
paper.

II. EVALUATION OF VLA MODELS

Evaluating models for robotic manipulation remains an
open challenge. Existing metrics for VLA evaluation are
still insufficiently standardized, especially for real-world
deployment. Measuring generalization on physical robots is
hindered by differences in embodiment, safety constraints,
environmental variability, and limited reproducibility [2].

Efforts have been made to build standardized robot setups
for controlled benchmarking [4]. However, most evaluations
are performed in simulation, where controlled environments,
simple resets, and standardized benchmarks facilitate quan-
titative comparison across different models [2]. This section
examines several of the primary simulation frameworks and
evaluation metrics utilized for robotic manipulation.

A. Evaluation Frameworks

MuJoCo-based [5]. Many robotics simulation environ-
ments, particularly those focused on manipulation, have been
built on top of MuJoCo. Among these, robosuite is a modular
simulation and benchmarking framework for robot learning,
its main goal being to support the research and development
of data-driven robotic algorithms and techniques. Its primary



advantages over other simulators include a modular design
that offers greater flexibility in creating new simulation
environments, the availability of pre-implemented robotic
controllers and learning algorithms, and a set of benchmark
tasks aimed at evaluating and developing algorithms.

Version 1.0 of robosuite includes seven robot models,
eight gripper models, six controller modes, many predefined
objects and nine standardized tasks. Building on robosuite,
robomimic [6] introduces a systematic benchmark for eval-
uating learning-from-demonstration methods in robotic ma-
nipulation, with eight additional tasks. RoboCasa [7] extends
robosuite with photorealistic household environments, inter-
actable furniture, AI-generated tasks and objects, and over
100 tasks spanning multiple robotic platforms.

The most widely used benchmark for evaluating VLA
manipulation models is LIBERO [8], also built on top of
robosuite. LIBERO is a large-scale benchmark designed to
study lifelong learning in robots (the ability to acquire and
reuse skills across many tasks over time, rather than being
trained once on a fixed dataset). It introduces a procedural
generation pipeline capable of producing an unlimited num-
ber of language-conditioned tasks based on everyday human
activities, and provides 130 standardized manipulation tasks
grouped into four suites that isolate different forms of
knowledge transfer: spatial, object-centric, goal-oriented, and
mixed.

Isaac Lab [9]. Isaac Lab uses NVIDIA PhysX for multi-
sensor rendering, allowing perception-based sensing. Isaac
directly accesses the GPU system to support simulations of
cameras, LiDARs, radars, and ultrasonic sensors, with real-
istic scene rendering. Beyond sensor simulation, Isaac Lab
supports robot-learning workflows by offering a high-fidelity
environment that reduces the sim-to-real gap, particularly for
policies that rely on vision-based perception.

More recently, Isaac Lab has been increasingly adopted
as a development and evaluation platform for VLA models,
due to its visual realism and multi-view rendering. Isaac Lab
includes standardized manipulation environments, and has
seen growing support from both industry and academia. For
instance, NVIDIA introduced two industrial-scale manipu-
lation tasks (Nut Pouring and Pipe Sorting) using a dual-
arm humanoid platform in Isaac Lab, while external efforts
such as the OpenArm platform [10] offer support for their
hardware.

Bullet-based. The open-source Bullet physics engine is
widely used for fast robot simulation. RLBench [11] is a
classic PyBullet benchmark offering 100 unique manipula-
tion tasks (picking, pushing, sliding, stacking, etc.). Another
Bullet-powered simulator is Habitat [12], developed by Meta
AI, primarily used for navigation. Recently, Habitat has
been extended to mobile manipulation scenarios with Habitat
2.0 [13] and human avatars with realistic interactions in
Habitat 3.0 [14]. More broadly, PyBullet and Bullet also
power custom Gym tasks and robotics frameworks (e.g.
Gazebo with Bullet solver) allowing for VLA research on
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CPU-friendly hardware, but their rendering pipelines typi-
cally prioritize simulation speed over photorealism, resulting
in limited visual fidelity and simplified lighting, textures, and
sensor noise.

Unity-based. Unity3D provides photo-realistic rendering
in a massively utilized 3D engine. The AI2-THOR [15]
family is a prominent example: it contains dozens of indoor
scenes, the original “iTHOR” has around 120 rooms while
RoboTHOR has 89 furnished apartments. Agents in AI2-
THOR can perform high-level actions (open, pick, place,
etc.) in these environments.

SIMPLER [16] is a cross-simulator evaluation suite
designed to benchmark real-world manipulation policies
in simulation. Instead of constructing full digital twins,
SIMPLER focuses on achieving strong real-to-sim correla-
tion by mitigating control and visual gaps through system
identification, background blending, and object/robot texture
matching. It provides standardized environments replicating
common real-robot setups (e.g. RT-series Google Robot,
BridgeData V2) and supports multiple physics engines. Its
main contribution lies in showing that carefully constructed
simulated environments can strongly correlate with real
robot performance: across RT-1/RT-2/RT-1-X/Octo policies
and 1500 paired rollouts, SIMPLER achieves Pearson cor-
relations up to 0.97 and demonstrates that its evaluations
accurately capture fine-grained characteristics of real-world
policies beyond average performance.

B. Evaluation Metrics for VLAs

Modern simulators not only provide realistic physics but
also enable the evaluation of vision-language-action (VLA)
policies under controlled conditions. In practice, VLA mod-
els are assessed using a variety of metrics at multiple levels
of abstraction.

The most common method for evaluating these models
remains a high-level task success rate. For example, the
ALFRED [17] benchmark defines task success as 1 if all
goal conditions are satisfied at episode end and 0 otherwise,
the overall rate is then the mean over trials. In other cases,
the episodes will receive a score of 1.0 for a full success,
and a fractional score for partial successes [18], [1], [19]

By extension, the generalization gap is often defined as
the drop in success rate from in-distribution conditions to
out-of-distribution or unseen conditions. Zero-shot success,
in contrast, measures the absolute performance on tasks that
were not fine-tuned or new object instances. For example,
OpenVLA [20] and RT-2 [18] report both metrics by com-
paring performance on seen tasks against success rates under
several generalization

In continual or lifelong VLA settings, the evaluation
focuses on how knowledge transfers across tasks. Stan-
dard metrics include Forward Transfer (FWT) [21], which
measures how prior experience on earlier tasks benefits
performance on new ones. Let ci,j denote the success rate
on task j after completing training on task i, and let ck,k,e
denote performance on task k at training epoch e. The FWT
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Fig. 1: This figure illustrates four of the main approaches utilized for generating actions in recent VLA research. (1)
A vision-language backbone predicting discretized actions. (2) A diffusion or flow matching action head is added for
generating continuous actions. (3) Diffusion integrated into the transformer architecture. (4) Native text generation utilizing
an unmodified VLM.
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Negative Backward Transfer (NBT), in contrast, quantifies the
extent of forgetting on previously learned tasks, computed as

NBTk =
1

K − k

K∑
τ=k+1

(ck,k − cτ,k), (3)

NBT =
1

K

∑
k∈[K]

NBTk, (4)

where ck,k is the peak performance on task k immediately
after it is learned, and cτ,k is performance on the same task
after subsequent tasks τ > k are acquired.

The area under the success rate curve (AUC) aggregates
overall performance across all tasks considering both NBT
and FWT:
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1
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cτ,k
)
, (5)
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For example, the LIBERO benchmark uses FWT, NBT, and
AUC (all based on per-task success rates) to assess lifelong
adaptation [8].

III. VISION-LANGUAGE-ACTION MODELS

Recent research of VLA models has taken multiple ap-
proaches, which we categorize in this section according to
the mechanisms used to generate robot actions. Specifically,
we distinguish between models based on discrete action
tokens, VLAs with generative action heads using diffusion
or flow matching, Diffusion Transformer–based VLAs, and
approaches based on native text generation. Fig. 1 illustrates
the architecture of these four approaches and Table I com-
pares the different models.

A. Discrete Action Tokens

The Robotics Transformer 1 (RT-1) [22] is regarded as
the first VLA that unifies a broad range of robotic tasks [2].
Its architecture processes visual observations through an
ImageNet pretrained convolutional neural network [39], com-
presses features using a Token Learner module [40], and
applies a decoder-only Transformer to produce discretized
action tokens.

Following the approach of RT-1, RT-2 [18] extends the
framework by building on a pre-trained VLM backbone with
PaLI-X [23] and PaLM-E [24], fine-tuning these large vision-
language models trained on web-scale data to directly act
as generalizable and semantically aware robotic policies. By
formatting the low-level action output as a string of tokens
in response to a prompt, the VLM backbone, which is typi-
cally designed for open-vocabulary tasks like visual question
answering, can be directly trained to serve as an instruction-
following robotic policy. Importantly, RT-2 coined the term
Vision-Language-Action (VLA), and this VLM-based design
has since become the standard architecture for VLAs [2].

OpenVLA [20], a 7-billion-parameter open-source VLA
model, closely mirrors this VLM-based architecture. To
enable robot control, OpenVLA follows the same discrete
tokenization method as RT-2: it represents continuous robot
actions by discretizing each action dimension into 256 bins,
which are then mapped to discrete text tokens, replacing the
256 least-used tokens. The policy is trained using a standard
next-token prediction objective (cross-entropy loss) by fine-
tuning the VLM backbone on a large collection of robot
demonstrations from the Open X-Embodiment dataset. This
approach yielded a new state-of-the-art for generalist robot
manipulation policies, successfully outperforming the closed-
source RT-2-X (55B) model by a significant margin despite
being much smaller in parameter count.

While OpenVLA generally outperforms the RT-2-X model
across several generalization categories, RT-2-X specifically
maintains an edge in semantic generalization tasks. This is
due to its VLM backbone being pretrained on larger-scale
internet data and co-fine-tuned with both robot actions and
web data, whereas OpenVLA is fine-tuned solely on robot
data.



TABLE I: Comparison of different VLA models and their architecture.

Year Model Vision-Language Backbone Action Output Max Action Rate
2023 RT-1 [22] CNN + Token Learner + Transformer Discrete Action Tokens 3Hz
2023 RT-2 [18] PaLI-X [23] & PaLM-E [24] Discrete Action Tokens 5Hz
2024 Octo [25] CNN + Transformer Diffusion Action Head 15Hz
2024 OpenVLA [20] Prismatic-7B [26] Discrete Action Tokens 10Hz
2024 π0 [1] PaliGemma [27] Flow Matching Action Head 50Hz
2024 TinyVLA [28] Pynthia [29] + ViT Diffusion Action Head 71Hz
2025 SmolVLA [30] SmolVLM-2 [31] Flow Matching Action Head Not Specified
2025 OpenHelix [32] LLaVA [33] Diffusion Action Head Not Specified
2025 π0.5 [34] PaliGemma Flow Matching Action Head 50Hz
2025 GR00T N1 [35] NVIDIA Eagle-2 [36] Diffusion Transformer 120Hz
2025 VLA-0 [37] Qwen-VL-2.5 [38] Native Text Generation 4Hz

B. Diffusion Action Head

The first VLA to use Diffusion Policy was Octo [25], an
open-source generalist robot policy specifically designed for
robotic manipulation. Octo supports flexible goal specifica-
tion, using natural language commands via a pre-trained T5
language encoder, or through goal images via a lightweight
CNN encoder. Its architecture uses a transformer followed by
a diffusion action head, denoising diffusion objectives for ac-
tion decoding and predicting a chunk of several consecutive
actions.

The diffusion training objective achieves improved perfor-
mance compared to using simple Mean Squared Error (MSE)
loss or cross-entropy loss on discretized actions, as it can
model multimodal action distributions while maintaining the
precision of continuous actions. Importantly, only a single
forward pass through the transformer backbone is required
per action prediction, after which the multi–step denoising
procedure is executed entirely within the lightweight diffu-
sion head [25].

A recent development that builds on the advantages of
diffusion-based action decoding is TinyVLA [28], a fam-
ily of compact Vision-Language-Action models designed
to achieve fast inference and strong generalization with-
out requiring large-scale pre-training. Unlike prior VLAs
such as OpenVLA, which rely on multi billion parameter
backbones and slow autoregressive action token generation,
TinyVLA initializes its policy with small multimodal models
(70M–1.4B parameters) and integrates a diffusion policy
head for continuous action prediction. TinyVLA further
adopts efficient fine-tuning via LoRA, allowing the pre-
trained vision-language backbone to adapt to robotic tasks
while retaining multimodal priors.

C. Flow Matching Action Head

The π0 foundation model [1] uses flow matching [41],
[42], a deterministic alternative to diffusion that learns a
continuous vector field without requiring a noisy forward
process, on top of a VLM backbone to model the contin-
uous distribution of actions, making it well suited for high
frequency tasks up to 50Hz. It integrates a second set of
weights called the action expert which is used for robotics-
specific inputs and outputs, while the core VLM backbone
remains responsible for processing visual observations and
language-based task descriptions.

Building on top of the π0 VLA, π0.5 [34] includes a
range of different data sources including natural language
instructions, data from non-mobile robots, and large-scale
multimodal web-derived datasets, such as image caption-
ing, question answering, and object localization. Unlike π0,
which directly trains a continuous-action head via flow
matching, π0.5 first learns to represent actions and reasoning
as discrete tokens, after which a post-training stage aligns
the model with the π0 action expert for continuous control.

During inference, the model first outputs a high-level
subtask and then, conditioned on this subtask, generates
the corresponding low-level motor commands through the
action expert, as shown in Fig. 2. As a result, the π0.5 VLA
demonstrates strong open-world generalization, successfully
controlling mobile manipulators to execute multi-stage, dex-
terous tasks in previously unseen home environments.

Action ExpertHigh-Level Low-Level

High level prompt

Sub-task prediction

Low level command

Fig. 2: Overiew of the π0.5 architecture. The model adapts
the action head architeecture by structuring inference into
high-level subtask prediction, low-level command genera-
tion, and an action expert that executes continuous control
at high frequency.

In contrast to the resource-intensive nature of many VLA
models, SmolVLA [30] is presented as a lightweight, effi-
cient open-source VLA designed for accessible robotics. It
is optimized for training on a single consumer-grade GPU
and deployment on consumer-grade GPUs or even CPUs.
SmolVLA’s architecture is built around a compact pretrained
VLM and an action expert trained with flow matching. To
achieve its efficiency goals, SmolVLA limits the number of
visual tokens and implements a layer skipping strategy where
the action expert accesses features only up to a specified
layer (often half the total layers, N = L/2). Furthermore,
SmolVLA introduces an asynchronous inference stack that
decouples action execution from observation processing and



action prediction, leading to quicker task completion and bet-
ter responsiveness by avoiding execution lags and increasing
the frequency of observation processing.

D. Diffusion Transformer
The GR00T N1 [35] model, an open foundation model

developed by NVIDIA for generalist humanoid robots, in-
cludes a Diffusion Transformer (DiT) — an architectural
design that integrates the Transformer network with the
diffusion process, executing this process directly within the
transformer to generate actions [2] — as its low-level action
execution component within a dual-system architecture.

The DiT module consists of alternating cross-attention and
self-attention blocks. The cross-attention blocks permit con-
ditioning on the vision-language features output by the VLM,
while the self-attention blocks operate on the noised action
token embeddings along with the robot’s state. Both the DiT
and VLM modules are tightly coupled and jointly optimized
during training. This hierarchical approach is similar to π0.5,
which also utilizes a hierarchical policy to bridge high-level
language understanding with low-level motor execution.

GR00T N1 is trained on a heterogeneous mix of
data, including real-robot trajectories, synthetically generated
datasets, and human videos, utilizing techniques like latent
action learning from videos (LAPA) [43] to unify many
data sources, thereby improving generalization across various
robot embodiments, from tabletop arms to humanoid robots.

E. Native Text Generation
VLA-0 [37] represents a class of VLA models that gen-

erate robot actions through native text generation. Instead of
introducing discrete action tokens, auxiliary action heads, or
architectural modifications to a base VLM, VLA-0 prompts
the model to output actions directly as textual sequences.
This design preserves the original VLM architecture and vo-
cabulary, preventing a decline in the language understanding
and grounding capabilities of the underlying VLM.

While VLA-0 is not the first to explore text-based ac-
tion representations, earlier approaches largely treated text
generation as an auxiliary or intermediate step rather than
a competitive end-to-end control strategy [44], [45]. In
contrast, recent results show that, with an appropriate training
and inference recipe, VLA-0 can outperform state-of-the-art
VLA models on several benchmarks, including LIBERO (see
Section II-A), even surpassing discrete token and generative
action-head methods trained on the same data and, in some
cases, models with large-scale action pretraining.

Despite its strong performance, VLA-0 exhibits an impor-
tant practical limitation in its lower control frequency com-
pared to that of action head based methods. Because actions
are generated autoregressively as text, inference incurs higher
latency, resulting in control rates on the order of a few hertz,
compared to tens of hertz commonly achieved by diffusion
or flow-matching action heads.

IV. CONCLUSION

This survey provided a review of the state of VLAs
for generalist robotic manipulation. While they hold great

promise for enabling long-horizon generalist robotic manip-
ulation, their development remains constrained by challenges
such as data scarcity, evaluation limitations, and the inherent
complexity of embodied interaction.

Although a true foundation model for robotics has not
yet emerged, recent advances suggest steady movement
toward this goal. Architecturally, models with explicit action
heads remain the most prevalent and consistently achieve
the strongest performance, particularly for reactive control.
Finally, recent systems such as π0.5 show a trend toward
incorporating multimodal inputs beyond simple vision and
language, and data collection efforts are also showing im-
provement [46]. Together, these developments indicate con-
tinued progress toward more general and capable robotic
foundation models.
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