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Abstract

Vision Language Action (VLA) models represent a new frontier in robotics by unifying percep-
tion, reasoning, and control within a single multimodal learning framework. By integrating visual,
linguistic, and action modalities, they enable multimodal fusion systems designed for instruction-
driven manipulation and generalist autonomy. This systematic review synthesizes the state of the
art in VLA research with an emphasis on architectures, algorithms, and applications relevant to
robotic manipulation. We examine 102 models, 26 foundational datasets, and 12 simulation platforms,
categorizing them according to their fusion strategies and integration mechanisms. Foundational
datasets are evaluated using a novel criterion based on task complexity, modality richness, and dataset
scale, allowing a comparative analysis of their suitability for generalist policy learning. We further

Embodied Al introduce a structured taxonomy of fusion hierarchies and encoder-decoder families, together with
Agentic Al a two-dimensional dataset characterization framework and a meta-analytic benchmarking protocol
that quantitatively links design variables to empirical performance across benchmarks. Our analysis
shows that hierarchical and late fusion architectures achieve the highest manipulation success and gen-
eralization, confirming the benefit of multi-level cross-modal integration. Diffusion-based decoders
demonstrate superior cross-domain transfer and robustness compared to autoregressive heads. Dataset
analysis highlights a persistent lack of benchmarks that combine high-complexity, multimodal, and
long-horizon tasks, while existing simulators offer limited multimodal synchronization and real-
to-sim consistency. To address these gaps, we propose the VLA Fusion Evaluation Benchmark to
quantify fusion efficiency and alignment. Drawing on both academic and industrial advances, the
review outlines future research directions in adaptive and modular fusion architectures, computational
resource optimization, and the deployment of interpretable, resource-efficient robotic systems. We
further propose a forward-looking agentic VLA paradigm where LLM planners integrate VLA skills
as verifiable tools within a closed feedback loop for adaptive and self-improving robotic control. This
work provides both a conceptual foundation and a quantitative roadmap for advancing embodied
intelligence through multimodal information fusion across robotic domains. A public repository
summarizing models, datasets, and simulators is available at: https://muhayyuddin.github.io/VLAs/.
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Figure 1: Timeline of Vision-Language-Action (VLA) developments between 2022 and 2025. The top row presents representative
VLA models introduced each year, with their associated institutions indicated by logos within red boxes. The bottom row shows
major datasets used for training and evaluation, organized by release year. The figure illustrates the increasing scale and diversity
of multimodal resources, as well as the growing participation of both academic institutions (e.g., CMU, CNRS, UC, Peking
University) and industrial research labs (e.g., Google, NVIDIA, Microsoft). This progression reflects the rapid advancement of

multimodal information fusion in robotic manipulation.

1. Introduction

The integration of vision, language, and action into
a unified framework has emerged as a paradigm-shifting
approach in robotics and embodied artificial intelligence.
Traditionally, robotic systems that depend on task-specific
programming struggle in dynamic and unstructured envi-
ronments. In contrast, VLA models aim to utilize the gen-
eralization capabilities of large-scale foundation models to
enable robotic systems that can understand instructions in
natural language, perceive their surroundings, and perform
complex tasks autonomously (Brohan et al., 2022; Ahn et al.,
2022; Jiang et al., 2022; Team et al., 2024; Din et al., 2025).
The fundamental concept of this paradigm is transformer
architecture, which has transformed natural language pro-
cessing and vision with self-attention mechanisms and large-
scale pretraining. Models like GPT (Brown et al., 2020),
BERT (Devlin et al., 2018), ViT (Dosovitskiy et al., 2020),
and CLIP (Radford et al., 2021) demonstrate that massive
datasets and parameter scales can produce remarkable gen-
eralizability and robustness. These insights have led to new
architectures that fuse vision and language into robotics con-
trol policies, which step forward towards generalist agents
such as RT-1 (Brohan et al., 2022), SayCan (Ahn et al,,
2022), RoboRefer (Zhou et al., 2025a), VIMA (Jiang et al.,
2022), and Octo (Team et al., 2024). The trend of developing
such models is continuously growing as depicted in Fig 1.

The development of effective VLA models is fundamen-
tally dependent on the availability of large-scale, diverse,
and multi-model datasets, together with realistic simulation
platforms. These elements are essential for training models
that can robustly understand language instructions, perceive

visual environments, and generate meaningful action se-
quences. For instance, the Open X-Embodiment (Collab-
oration et al., 2025) dataset unifies data from 22 robot
embodiments and more than 500 tasks using a shared ac-
tion space. It enables the pre-training of foundation models
like RT-1-X, significantly enhancing cross-robot generaliza-
tion. Similarly, the DROID dataset (Khazatsky, 2024) uses
internet-scale data, combining human-annotated language
with robotic video demonstrations for scenes with complex
manipulations. These datasets significantly advance the data
ecosystem for training and benchmarking VLAs. Compre-
hensive datasets enable the learning of diverse tasks in
both household and industrial contexts. These datasets offer
rich annotations, including demonstration trajectories, ob-
ject state transitions, and diverse natural language prompts.
However, real-world data collection is labor-intensive, ex-
pensive, and limited in diversity, which highlights the im-
portance of simulation.

Simulation environments allow data generation to be
scaled across a wide range of settings, object types, light-
ing conditions, and agent embodiments. Platforms such as
Habitat (Savvaetal., 2019), Isaac Gym (Makoviychuk et al.,
2021), and RoboSuite (Zhu et al., 2020) offer programmable
and photorealistic environments with physics-based inter-
actions, facilitating both imitation and reinforcement learn-
ing paradigms. More recently, tools such as iGibson (Xia
et al., 2020) and AI2-THOR (Kolve et al., 2017) have added
support for human-centric indoor environments with nat-
uralistic object arrangements, enhancing semantic realism.
Simulation also enables automatic generation of multimodal
annotations, such as action trajectories, object states, and
natural language instructions that are crucial to align vi-
sual, linguistic, and motor modalities. Recent efforts also
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emphasize the importance of synthetic language generation
aligned with task semantics (e.g., VLN-CE (Krantz et al.,
2020), ALFRED (Shridhar et al., 2020)) to ensure linguis-
tic diversity and instruction complexity. The integration of
simulation and large-scale synthetic datasets is therefore
crucial for building VLA systems that are robust, scalable,
and applicable to real-world deployment.

Since the field matures at a rapid pace, numerous ar-
chitectures, datasets, and frameworks are being proposed in
a fast order. Despite the growing body of research, there
remains a gap in the literature for a comprehensive and sys-
tematic synthesis that organizes and categorizes the architec-
tural foundations, benchmark datasets, simulation platforms,
and evaluation protocols that collectively shape the current
VLA landscape. It is critically needed to contextualize the
state-of-the-art and identify emerging patterns, limitations,
and opportunities. This study will serve as both a technical
reference and a conceptual roadmap to accelerate research
in embodied foundation models and generalist robotic intel-
ligence.

There are recent surveys that collectively describe VLA
models as advancing from proof-of-concept prototypes to-
ward deployable, general-purpose robotic systems, while
emphasizing persistent challenges in fusion design, dataset
coverage, and evaluation consistency (Sapkota et al., 2025;
Kawaharazuka et al., 2025; Zhong et al., 2025a). Prior
reviews have focused on system-level pipelines, architec-
tural trends, and application-oriented roadmaps, highlight-
ing progress in parameter-efficient adaptation, fusion depth,
and action tokenization, as well as open problems in long-
horizon reasoning, sim-to-real transfer, and safety bench-
marking. Building upon these foundations, our work con-
tributes a deeper analytical synthesis by introducing a struc-
tured fusion taxonomy, a dataset complexity framework, and
a quantitative meta-analysis that links architectural choices,
fusion hierarchy, encoder scale, decoder class, and multi-
modal coverage, to empirical performance across 102 VLA
models. In contrast to prior descriptive surveys, this article
establishes statistical and theoretical connections between
design variables and success metrics, offering an integrated
view of how fusion dynamics, generalization, and safety co-
evolve in embodied intelligence.

Contributions.This work offers a comprehensive syn-
thesis and analytical framework for understanding and eval-
uating VLA models for robotics. Building on an extensive
survey of models, datasets, and simulators, the major contri-
butions of this review are as follows:

1. Unified Taxonomy of VLA Architectures. We present
a structured and hierarchical taxonomy that organizes
over one hundred VLA models according to their
fusion hierarchy, encoder scale, action decoder design,
and multimodal integration strategy. This taxonomy
consolidates diverse architectural patterns and pro-
vides a unified perspective for understanding emerg-
ing VLA design trends.
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Figure 2: Overview of the skeleton of the paper, highlighting
the main sections and their interrelated subtopics.

2. Dataset Complexity Framework and Simulation Ecosys-
tem Analysis. We introduce a two-dimensional charac-
terization of dataset difficulty using task complexity
(Ciasx) and modality richness (Cp,,q), mapping 26
foundational datasets within this space. In parallel, we
survey 12 major simulation platforms, evaluating their
multimodal data-generation accuracy, embodiment
realism, and support for sim-to-real transfer, providing
a clearer understanding of the data and simulation
landscape.

3. Large-Scale Quantitative Meta-Analysis. We conduct
a statistical meta-analysis across 102 VLA models,
linking core design variables including fusion depth,
encoder/decoder families, and dataset attributes to
standardized measures of manipulation success and
generalization. This analysis offers the first quantita-
tive evidence on how architectural and dataset choices
shape empirical VLA performance.

4. Unified Benchmarking and Research Roadmap. We
propose the Vision Language Action Fusion Eval-
uation Benchmark (VLA-FEB), introducing metrics
such as the Cross-Modal Alignment Score (CMAS)
and Fusion Energy Index (FEI) to systematically
assess fusion efficiency and cross-modal coherence.
Building on the empirical insights, we outline future
research directions spanning adaptive multimodal fu-
sion, efficient tokenization, standardized dataset pro-
tocols, and improved sim-to-real integration pipelines,
establishing a roadmap for advancing embodied mul-
timodal intelligence.

The remainder of the paper is organized as illustrated
in Fig. 2. Sec. 2 describes the literature search strategy and
selection criteria used to identify the most relevant and rep-
resentative VLA models, datasets, and simulation platforms.
Sec. 3 introduces the fundamentals of multimodal fusion,
outlining the underlying architectures of transformers, vision
transformers, large language models, and vision-language
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models that collectively form the basis of modern VLA
systems. Sec. 4 presents a comprehensive review of VLA
architectures, highlighting state-of-the-art systems, fusion
hierarchies, and architectural trends, followed by a quan-
titative meta-analysis and a unified theoretical framework
linking design variables to performance outcomes. Sec. 5
analyzes the major multimodal datasets used for training
and evaluating VLA systems, introducing a task-modality
characterization framework to identify underexplored re-
gions in the dataset landscape. Sec. 6 reviews the simula-
tion environments and tools supporting large-scale multi-
modal data generation, embodied learning, and sim-to-real
transfer. Sec. 7 introduces the unified benchmarking proto-
col (VLA-FEB) for quantitative evaluation, presents cross-
domain meta-analysis findings, and outlines the proposed
Future Challenge Suite for embodied assessment. Sec. 8
discusses key challenges and future research directions, cat-
egorizing them under architectural, dataset, and simulation
aspects, and highlights emerging solutions such as adaptive
fusion modules, differentiable simulators, and standardized
multimodal capture pipelines. Finally, Sec. 9 concludes the
review and provides a roadmap for advancing generalist
robotic autonomy through robust multimodal fusion and
embodied intelligence.

2. Literature Search and Selection Criteria

We conducted an extensive search through IEEE Xplore,
Elsevier, Springer Nature, MDPI, Wiley, and arXiv to iden-
tify work on VLA models, VLA datasets, and simulation
tools for robotic simulation and data generation. To cap-
ture each aspect, we developed sets of keywords; for VLA
models: “vision language action” OR VLA OR (vision
AND language AND action) OR “Vision Language Models
for Robotic manipulation”, “Multimodal Robotic Control”,
“Vision-Language Grounding”, “Visuomotor Transformer”,
“End-to-End Robot Learning”. The keywords for Training
datasets are “VLA dataset” OR “manipulation dataset”
OR “embodied Al dataset for manipulation”. Finally for
Simulation tools: “simulator for robotic manipulation” OR
“embodied Al data-generation simulator” OR “robotic ma-
nipulation simulator” OR “realistic dynamic simulation for
robotic manipulation” We applied the following inclusion
criteria to identify original research: 1) Proposes or evaluates
a VLA model, a VLA dataset, or a simulator for robotic
manipulation or manipulation data generation. 2) Presents
a novel model, dataset, or a new simulator.

To ensure comprehensive coverage, we complement tra-
ditional database searches with conversational queries in a
large-language model (e.g. GPT), using targeted prompts
per thematic area. For VLA models, we asked GPT to "List
vision-language-action models published between 2022 and
2025," "List end-to-end transformer-based VLA architec-
tures", "List VLA methods that use diffusion-based action
decoders", "List modular fusion framework VLA models".
For datasets, prompts included "List of VLA datasets re-
leased between 2022 and 2025", "List manipulation datasets

80 H VLAModels m Datasets
60
40
20
0 (- [ . I - [ |
2022 2023 2024 2025

Figure 3: Annual VLA models and foundational VLA datasets
count from 2022 to 2025. Green bars indicate the number of
new VLA model introduced each year, while purple bars repre-
sent the number of novel dataset releases. The data illustrate a
rapid acceleration in model development, particularly in 2025,
alongside steady growth in dataset creation to support training
and evaluation of these models.

used for VLM training" and "List embodied Al datasets for
robotics" and "List of well-known manipulation datasets".
For simulation tools, we queried "List simulators for robotic
manipulation data generation," "List simulation environ-
ments for embodied Al dataset creation,”" "List robotic ma-
nipulation dataset generation simulators" and "List robotic
dynamic simulators”. We then merged these lists with our
database results, removed duplicates, and performed manual
validation to arrive at the final set of models, datasets, and
simulators included in this review.

We also included arXiv e-prints (https://arxiv.org/) in
our search because the field of VLAs has recently begun
to mature, and most breakthroughs and novel architectures
have appeared as preprints in recent times. Fig. 3 shows
the VLA (in green) and dataset (in purple) counts per year
used in this work. We thoroughly examined the preprints
and included only those that make substantial contributions
to the field. The integration of preprints ensures that we
capture the very latest models, datasets, and simulation tools
as soon as they emerge, giving a more accurate and up-to-
date picture of this rapidly evolving field.

3. Fundamentals of Multi-Modal Fusion for
VLA

This section outlines the core architectures behind VLA
models. We start with the transformer, a model that has
transformed both language and vision tasks. We then cover
Vision Transformers (ViTs), which apply self-attention to
image patches for visual feature extraction. The subsequent
category comprises Large Language Models (LLMs), which
are transformer-based models trained on large text datasets
that perform reasoning, instruction following, and zero-
shot tasks. Finally, we will provide an overview of vision
language models (VLMs), which fuse visual and textual
data through cross-modal attention to ground instructions
in robotic actions. These components form the backbone
of modern VLA architectures, detailed in the following
subsections.
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Figure 4: An overview of the Transformer architecture high-
lighting the encoder-decoder structure and the internal mech-
anism of multi-head attention. The encoder processes input
embeddings through layers of multi-head attention, normaliza-
tion, and feedforward networks. The decoder mirrors this with
additional masked attention layers and incorporates encoder
outputs for contextual decoding. The magnified view illustrates
the scaled dot-product attention and how multiple attention
heads are concatenated and linearly transformed to form
the final multi-head attention output. The image is adapted
from (Vaswani et al., 2017)

3.1. Transformer

Transformers are a class of deep learning architectures
introduced by Vaswani et al. (Vaswani et al., 2017), these
models have revolutionized the fields of natural language
processing and computer vision by enabling greater paral-
lelization and scalability in sequence modeling, i.e. in the
processing and learning of patterns from sequences of data.
The core of Transformers lie in the self-attention mechanism,
detailed below, which let each token in a sequence weigh and
combine information from all other tokens to build a context-
aware representation.

The Transformer architecture (depicted in Fig 4) com-
prises three differentiated parts: the embedding layer, the
encoder stack, and the decoder stack, which includes the fi-
nal output projection and softmax layer. They are detailed in
the following subsections, after presenting the self-attention
mechanism.

3.1.1. Self-Attention

The self-attention mechanism allows each token in a
sequence to attend to all other tokens when computing its
representation. To achieve this, the model first transforms

Multi Layer Perceptron Head ‘

i
‘ Transformer Encoder ’
Patch + Position
Embedding E . EI
el [ Linear Projection of Flattened Patches }

Bk M 5

Figure 5: Architecture of the ViT. The input image is divided
into fixed-size non-overlapping patches which are flattened and
linearly projected into embedding vectors. A learnable classi-
fication (CLS) token is prepended to the sequence of patch
embeddings (shown in darker blue). Positional embeddings are
added to retain spatial information before feeding the sequence
into a standard Transformer encoder. The output of the CLS
token is passed through an MLP head to produce the final
class prediction. The image is adpated from (Dosovitskiy et al.,
2021)

each input token into three distinct vector representations:
queries (Q), keys (K), and values (V). These vectors are
obtained through learned linear projections of the input
embeddings and serve different roles in the attention compu-
tation: the query represents what the current token is looking
for, the key indicates what information each token provides,
and the value contains the actual content to be shared. By
comparing queries to keys, the model determines attention
weights, which are then used to aggregate the values into a
new context-aware representation for each token.

This process is formalized by the scaled dot-product
attention mechanism, which computes the dot product be-
tween queries and keys, scales the result by \/d_k (where d;,
is the dimension of the keys), applies a softmax function to
obtain attention weights, and finally combines these weights
with the values to produce the output:

T

Attention(Q, K, V') = softmax 14 €))]

\/Z

Building upon this mechanism, multi-head attention extends
the model’s capacity by enabling it to attend to information
from multiple representation subspaces simultaneously. In-
stead of computing attention once with a single set of pro-
jection matrices, the model uses A parallel attention layers,
or heads, each with its own learned weight matrices VViQ,
WX, and W These matrices independently project the
input into A different subspaces, allowing each head to focus
on different aspects of the input relationships:

MultiHead(Q, K, V') = Concat(head,, ... ,head,)W©° (2)
where head, = Attention(QW,2, KW X, VW) (3)

The outputs from all heads are concatenated and passed
through a final linear projection using W to produce the
result of the multi-head attention module.
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3.1.2. Embeddings

Embedding refers to continuous vector representations
that map discrete inputs such as words, image patches, or
action tokens into a dense latent space. In Transformer ar-
chitectures, embeddings serve as the foundational interface
between symbolic input (for example, textual instructions)
and differentiable computation. Input embeddings enable the
model to process structured data in a unified format, while
output embeddings decode latent representations into action
or token spaces. Since the Transformer architecture lacks
recurrence, a set of sinusoidal positional encodings is added
to the input embeddings to provide information about the
order of elements in a sequence. These learned representa-
tions capture semantic, spatial, or temporal relationships that
are essential for generalization and reasoning in multimodal
tasks (Vaswani et al., 2017; Dosovitskiy et al., 2021; Press
and Wolf, 2017).

3.1.3. Encoder

The encoder stack consists of N identical layers, where
each layer has a multi-head self-attention mechanism fol-
lowed by a position-wise feedforward network. Both sub-
layers are equipped with residual connections (which add the
input of a sub-layer to its output to help preserve information
and ease optimization) and layer normalization (which nor-
malizes activations to improve training stability). In the first
layer, the input embeddings provide the queries, keys, and
values. In deeper layers, these are derived from the output of
the preceding layer.

3.1.4. Decoder

The decoder stack also consists of M identical layers,
but with a slightly different architecture. Each layer contains
three sub-layers: a masked multi-head self-attention layer, a
multi-head encoder-decoder attention layer, and a feedfor-
ward network. The masked self-attention prevents a position
from attending to subsequent tokens, ensuring that the model
generates output in an autoregressive manner. The encoder-
decoder attention enables the decoder to query the encoder’s
outputs, integrating source information into the generation
process. Like the encoder, each sub-layer in the decoder is
followed by residual connections and layer normalization.

The final output of the decoder is passed through a
linear transformation and a softmax function to produce
a probability distribution over all possible output tokens,
enabling the model to predict the next token in the target
sequence one step at a time.

3.2. Vision Transformers

The Vision Transformer extends the Transformer archi-
tecture to visual domains by treating image patches as input
tokens (Dosovitskiy et al., 2020). As shown in Fig 5, an im-
age is split into a sequence of non-overlapping patches, each
of which is linearly projected into a fixed-dimensional em-
bedding. These embeddings are then augmented with learn-
able positional encodings and passed through a standard
Transformer encoder. A classification token is appended,
and its final representation is used for prediction through a
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Figure 6: Architecture of a VLM for image captioning and
semantic understanding. Visual input is processed by a visual
encoder to extract patch-based embeddings. In parallel, a
text prompt (e.g., "Describe the image") is tokenized and
embedded. These embeddings are fused and jointly processed
through a Transformer-based encoder-decoder architecture.
The model outputs a natural language caption that describes
the semantic content of the image, enabling tasks such as
captioning, question answering, and visual grounding. the
image is adapted from (Xiao et al., 2024)

multi-layer perceptron head (MLP). ViTs achieve competi-
tive performance on benchmarks like ImageNet (Deng et al.,
2009), highlighting the power of attention in learning global
visual representations.

3.3. Large Language Models

LLMs are transformer architectures trained on large-
scale text data. These models are typically classified into
three architectural types: encoder-only, decoder-only, and
encoder-decoder. Each structure is optimized for different
types of task in natural language processing and robotics ap-
plications. Encoder-only models, such as BERT, RoBERTa,
and DeBERTa, utilize bidirectional self-attention mecha-
nisms to learn deep contextual relationships from both the
left and right of a token (Ghojogh et al., 2024; Zayyanu et al.,
2024). These models are trained using masked language
modeling (MLM) objectives and are well-suited for text
classification, semantic similarity, and question answering.
Their strength lies in representing sentence-level meaning
rather than in generating sequential text.

Decoder-only models, such as GPT-3, GPT-4, PalLM,
and LLaMA, operate sequentially by predicting the next
token in a sequence based only on previous tokens (Ghojogh
etal.,2024). This unidirectional architecture is optimized for
text generation, dialogue, summarization, and other open-
ended generative tasks.

Encoder-decoder models, also known as sequence-to-
sequence architectures, such as T5, BART, and the original
Transformer, include an encoder to represent the input and
a decoder to produce the output (Liu et al., 2021; Brandis-
auskas et al., 2023; Ghojogh et al., 2024). These are ideal for
tasks where full input processing is required before output
generation, including machine translation, summarization,
and code generation. Recent applications in robotics also
use encoder-decoder models for instruction grounding and
language-conditioned action planning.
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3.4. Vision Language Models

VLMs use the synergy between computer vision and nat-
ural language processing to perform tasks such as image cap-
tioning, visual question answering, cross-modal retrieval,
and instruction grounding. Like LLMs, they are built on the
Transformer architecture, using either dual encoders (e.g.,
CLIP), unified encoder-decoder frameworks (e.g., BLIP,
Flamingo), or sequence-to-sequence stacks. During training,
they typically align visual and textual inputs using objectives
such as contrastive learning (matching image-text pairs),
masked modeling (predicting masked tokens or regions), or
learning to generate captions from images.

Fig. 6 illustrates a typical VLM designed for image
captioning using a transformer-based encoder-decoder ar-
chitecture. The process begins with an input image, which
is divided into patches and embedded via a visual encoder,
such as a (ViT) (Mishra et al., 2024; Lam et al., 2023).
A language prompt, e.g., "Describe the image", is also
tokenized and embedded, either directly or via lightweight
text guidance. The visual tokens and prompt embeddings
are passed through a Transformer encoder-decoder stack.
The encoder captures spatial and semantic relationships
from the image, while the decoder generates output tokens
autoregressively. This allows the model to produce a fluent
and contextually accurate caption, as shown in Fig. 6. This
architecture enables semantic-level reasoning over visual
input and has shown strong performance on benchmark
datasets such as Flickr8k and Flickr30k (Mishra et al., 2024,
Abdel-Hamid et al., 2024).

Recent studies have demonstrated improved caption
quality through the use of advanced modules or architectural
variants within the encoder-decoder stack, such as Swin
Transformers, T5-based decoders, or GPT-based language
models, depending on the design (Lam et al., 2023; Mishra
et al., 2024; Fouad et al.,, 2024). These approaches are
widely used in robotic perception systems where visual
scene understanding must be paired with natural language
generation or instruction.

4. Vision Language Action Models

VLA models represent a new frontier in robotic intelli-
gence, enabling robots to perceive visual environments, un-
derstand natural language instructions, and execute grounded
actions accordingly. These models bridge the semantic gap
between multimodal inputs, such as images, sensor data,
human commands, and low-level robotic control. VLA
architectures are particularly relevant for unstructured and
dynamic environments, where traditional rule-based pro-
gramming is infeasible. They empower robots to generalize
tasks such as object manipulation, navigation, and interac-
tion by using deep learning, representation alignment, and
sequential decision making (Wang et al., 2024a; Guruprasad
et al., 2024; Wang et al., 2024d).

4.1. VLA Fusion Architectures
The VLA architecture illustrated in Fig. 7 represents an
end-to-end framework that is a representative of the leading
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Figure 7: Architecture of a VLA system for robotic manipula-
tion. The model processes three inputs: an image of the scene,
a natural language instruction, and the robot’s internal state.
These are encoded respectively through visual, text, and state
encoders. The resulting embeddings are passed to an LLM
that fuses multimodal information and generates a semantic
representation of the intended task. This representation, along
with robot state features, is processed by an Action Decoder
implemented as a diffusion transformer to generate a trajectory
that accomplishes the commanded task.

VLA systems such as; RT-2 (Zitkovich et al., 2023), Open-
VLA (Driess et al., 2024), CLIP-RT (Kang et al., 2025),
Octo (Team et al., 2024), and RT-1 (Brohan et al., 2022),
all of which employ transformer-based vision and language
backbones fused through cross-modal attention.

The architecture unifies three parallel encoder streams:
visual, linguistic, and proprioceptive, into a single trans-
mission diffusion backbone that directly generates control
commands. First, a transformer-based Visual Encoder (e.g.
ViT (Dosovitskiy et al., 2020), DINOv2 (Caron et al.,
2021)) processes raw RGB (depth/semantic) images of the
workspace and produces a sequence of fixed-length feature
tokens. In parallel, a pre-trained Language Encoder (for ex-
ample, PaLM (Chowdhery et al., 2022) or LLaMA (Touvron
et al., 2023)) tokenizes and embeds natural language instruc-
tions, whether high-level goals (e.g., "Put bowl, apple, and
banana on plate.") or detailed stepwise instructions, in the
same d-dimensional space. Similarly, State Encoder embeds
the proprioceptive and kinematic state of the robot (joint
angles, pose of the end effector, gripper status) through an
MLP or small transformer into additional tokens, allowing
the model to reason about reachability, collision avoidance,
and feedback correction.

All tokens are concatenated and passed into a transformer-
based model that produces action embeddings. This model
may implement either a diffusion policy, using a Diffusion
Transformer that iteratively denoises a noisy latent trajec-
tory (e.g., as in Diffusion Policy (Chi et al., 2023a) or
VLAFlow (Black et al., 2024b)), or a direct policy, which
predicts the embeddings in a single pass without diffusion.
At inference time, the action embeddings are converted into
continuous control signals, such as end-effector velocities
or joint torques, either through a lightweight output head
or by completing the full diffusion sampling process. In
some implementations, the embeddings can also be decoded
into imagined next-frame images, enabling an "imagine-
and-verify" loop for closed-loop execution.
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Table 1: Comprehensive survey of VLA models developed for robotic manipulation and instruction-driven autonomy.
The table lists each model’s name, publication year, indicates whether it operates in an end-to-end fashion (mapping raw
visual and language inputs directly to actions) or focuses on individual components (vision, language, or action modules),
and summarizes its main technical contributions. The final column details the primary training datasets and core model

components-including vision encoders, language encoders, and action decoders used by each method.

Model Name End-to- Comp. Main Contributions Training Dataset and Model Components
End Fo-
cused
CLIPort (4 (4 Pioneered the semantic grounding of visuomotor policies Dataset: Self-collected visuomotor demos; Vision Encoder: CLIP-ResNet50 +
(Shridhar et al., by integrating CLIP features into dense transport maps for Transporter-ResNet; Language Encoder: CLIP text encoder; Action Decoder: Lin-
2022a) precise pick-and-place. gUNet
RT-1 (Brohan v v Introduced a discretized action transformer for scalable Dataset: Self-collected RT-1-Kitchen; Vision Encoder: EfficientNet CNN; Language
etal., 2022) multi-task kitchen manipulation. Encoder: Universal Sentence Encoder; Action Decoder: Discretized action trans-
former head
Gato (Reed et al., (4 (4 Demonstrated a unified tokenization scheme across vision, Dataset: Self-collected multi-domain tasks; Vision Encoder: custom ViT; Language
2022) language, and control tasks, achieving zero-shot transfer Encoder: Sentence Piece tokenizer; Action Decoder: Autoregressive Transformer
across domains.
MA (Jiang v v Handled six distinct vision-language grounding tasks via a Dataset: VIMA self-collected; Vision Encoder: Mask R-CNN; Language Encoder:
etal., 2022) prompt-based multimodal policy. T5-base; Action Decoder: Transformer policy head
PerAct (Shridhar v X Uses voxel-based representation with language condition- Dataset: RLBench; Vision Encoder: Perceiver Transformer + voxel grid encoder;
et al., 2023) ing for high-precision manipulation; operates directly on Language Encoder: CLIP text encoder; Action Decoder: Transformer voxel policy
point cloud voxels. head
SayCan (Ahn X v Combines language model planning with value function Dataset: Self-collected everyday manipulation demos; Vision Encoder: none; Lan-
etal., 2022) grounding in the real world; interprets high-level goals into guage Encoder: PaLM; Action Decoder: Value-conditioned execution module
executable robot actions.
RoboAgent v X MT-ACT: multi-task transformer policy with semanti- Dataset: RoboSet teleop demos; Vision Encoder: Multi-view CNN encoder; Lan-
(Bharadhwaj cally augmented CVAE encoding and action-chunking for guage Encoder: Semantic transformer encoder; Action Decoder: CVAE + Chunked
etal., 2023) strong real-world generalization. trajectory predictor
RT-Trajectory (4 X Conditioned policies on user-sketched trajectories to im- Dataset: RT-1 dataset; Vision Encoder: EfficientNet-B3; Language Encoder: None;
(Gu et al., 2023) prove generalization to novel layouts and paths. Action Decoder: Sketch-conditioned behavioral cloning policy
ACT (Zhao et al., v Applied temporal ensembling to achieve smooth bimanual Dataset: self-collected demos on ALOHA; Vision Encoder: ResNet-18; Language
2023) manipulation with 0.1 mm precision. Encoder: none ; Action Decoder: CVAE-Transformer head
RT-2 (Zitkovich v v First large VLA co-finetuned on Internet VQA and robot Dataset: Internet VQA + RT-1-Kitchen; Vision Encoder: PaLI-X/PaLM-E ViT;
et al., 2023) data, unlocking emergent multi-robot zero-shot capabili- Language Encoder: PaLI-X/PaLM-E text encoder; Action Decoder: Symbol-tuning
ties. transformer
VoxPoser (Huang v v Achieved zero-shot constraint-aware motion planning by Dataset: Self-collected motion demos+RLBench; Vision Encoder: OWL-ViT; Lan-
etal., 2023) composing a frozen VLM and LLM without additional guage Encoder: GPT-4; Action Decoder: MPC optimizer
training.
CLIP-RT (Kang X v Contrastive policy using CLIP vision and text encoders Dataset: OXE; Vision Encoder: CLIP image encoder (ViT-H-14); Language Encoder:
et al., 2024) to select language-based motion primitives, enabling fast CLIP text encoder; Action Decoder: Cosine similarity head over text-embedded
learning and robust zero-shot transfer for table-top manip- motion primitives.
ulation.
Diffusion Policy v Introduced diffusion-based policy modeling for multi- Dataset: Self-collected demos; Vision Encoder: ResNet-18; Language Encoder:
(Chietal., 2023a) modal visuomotor action distributions. None; Action Decoder: diffusion policy network
Octo (Team et al., v First generalist diffusion policy trained on 4 M+ trajecto- Dataset: Open X-Embodiment; Vision Encoder: CNN encoder ; Language Encoder:
2024) ries across 22 robot platforms, demonstrating broad trans- T5-base; Action Decoder: Diffusion Transformer head
fer.
VLATest (Wang X v Automated framework for large-scale VLA model testing, Dataset: none ; Vision Encoder: that used in (e.g., OpenVLA RT-1,0cto); Language
et al., 2024c) revealing robustness gaps and guiding improvements in Encoder: that used in (e.g., OpenVLA,RT-1,0cto); Action Decoder: that used in (e.g.,
manipulation. OpenVLA,RT-1,0cto)
NaVILA (Cheng v X Hierarchical planning yields 88% real-world navigation Dataset: Self-collected Real-world legged robot demos; Vision Encoder: VILA Vi-
et al., 2024) success for legged robots via language-conditioned topo- sion Encoder ; Language Encoder: VILA LLM; Action Decoder: Topological graph
logical control. planner + RL policy for joint commands
RoboNurse-VLA v X Real-time voice-to-action pipeline for surgical instrument Dataset: Self-collected Surgical handover videos + voice prompts; Vision Encoder:
(Li et al., 2024c) handover, robust to unseen tools in dynamic scenes. SAM?2 ; Language Encoder: LLaMA-2; Action Decoder: token-based action decoder
Mobility VLA v X Multimodal instruction navigation with topological map- Dataset: MINT instruction tours; Vision Encoder: Gemini 1.5 Pro based (ViT);
(Chiang et al, ping for robust long-range mobility. Language Encoder: Gemini 1.5 Pro based text encoder; Action Decoder: Topological
2024) graph-based planner
RevLA (Dey (4 X Domain adaptation adapters to improve the generalization Dataset: Open X-Embodiment (OXE); Vision Encoder: DINO-v2 + SigLIP; Lan-
etal., 2024) of robotic foundation models across visual domains. guage Encoder: LLama-7B; Action Decoder: Llama head, outputs 7 discrete action
tokens
Uni-NaVid v X Video-based VLA unifying embodied navigation tasks Dataset: Room-to-Room (R2R) + REVERIE; Vision Encoder: EVA-CLIP; Language
(Zhang et al, across multiple benchmarks. Encoder: Vicuna-7B; Action Decoder: Vicuna-7B head (4 discrete action tokens)
2024b)
RDT-1B (Liu v v 1.2B-parameter diffusion foundation model excelling at Dataset: self-collected 6K ALOHA episodes; Vision Encoder: SigLIP ; Language
et al., 2024c) bimanual manipulation and zero-shot generalization. Encoder: T5-XXL ; Action Decoder: Diffusion Transformer + MLP decoder
RoboMamba (Liu v Mamba-based unified VLA with linear-time inference for Dataset: SAPIEN sim benchmarks + real-world demos; Vision Encoder: Mamba
et al., 2024b) real-time robotic reasoning. VLM visual backbone; Language Encoder: Mamba VLM text backbone; Action
Decoder: MLP policy head for SE(3) pose predicting
Chain-of- X v Sequential affordance reasoning for spatial planning, Dataset: LIBERO + real/sim manipulation tasks; Vision Encoder: Qwen2-VL; Lan-
Affordance achieving SOTA on LIBERO dataset. guage Encoder: Qwen2-VL; Action Decoder: Diffusion policy head
(Li et al., 2024a)
Edge VLA v v Lightweight, edge-optimized VLA for low-power real-time Dataset: OXE + Bridge robotics set; Vision Encoder: SigLIP + DINOV2; Language
(Budzianowski inference. Encoder: Qwen2; Action Decoder: Non-autoregressive control head
etal., 2024)
OpenVLA (Kim v v LORA-fine-tuned open-source VLA achieving efficient Dataset: OXE + DROID robot data; Vision Encoder: DINOv2 + SigLIP; Language
et al., 2024) transfer and high success. Encoder: Llama 2; Action Decoder: Llama 2 output head (predicts discretized action
tokens as output)
CogACT (Li v (4 Componentized diffusion action transformer, +59.1% suc- Dataset: OXE subset + real trials; Vision Encoder: DINOv2 + SigLIP; Language
et al., 2024b) cess over OpenVLA with specialized adaptation. Encoder: LLaMA-2; Action Decoder: Diffusion Transformer head
ShowUI-2B (Lin v v GUI/web navigation via screenshot grounding and efficient Dataset: 256 K GUI instruction demos; Vision Encoder: Qwen2-VL-2B ViT; Lan-
et al., 2024) token selection. guage Encoder: Qwen2-VL-2B LLM; Action Decoder: Qwen2-VL-2B output head
(GUI actions as tokens)
Pi-0 (Black et al., v X General robot control flow model for high-frequency, open- Dataset: Extended OXE called Pi-Cross-Embodiment; Vision Encoder: PaliGemma
2024a) world tasks. (SigLIP); Language Encoder: PaliGemma (Gemma-2B); Action Decoder: diffusion-
based Flow matching action expert head
HiRT (Zhang v Hierarchical planning/control separation, doubling execu- Dataset: Self collected Real-world data; Vision Encoder: InstructBLIP; Language
et al., 2024a) tion speed and improving dynamic task success. Encoder: LLaMA-2; Action Decoder: Latent-conditioned policy head (MLP)
A3VLM (Huang X v Learns articulation-aware affordance grounding purely Dataset: PartNet-Mobility; Vision Encoder: CLIP, DINOv2, Q-Former (fused); Lan-
et al., 2024) from RGB video, generalizing to unseen object joints. guage Encoder: LLaMA2; Action Decoder: Parameterized primitive motion genera-
tor
SVLR (Samson X Modular "segment-to-action” pipeline using visual prompt Dataset: Self-collected visual prompts; Vision Encoder: Mini InternVL; Language
et al., 2024) retrieval for on-device policy execution. Encoder: Phi-3mini4k; Action Decoder: Script-based action binder
Bi-VLA (Gbagbe X v Dual-arm instruction-to-action planner grounded in recipe Dataset: Visual-recipe demos; Vision Encoder: Qwen-VL; Language Encoder:

etal., 2024)

demonstrations, achieving 83.4 % real-world task success.

Starling-LM; Action Decoder: Python trajectory generator

continue
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Model Name End-to- Comp. Main Contribution Training Dataset and Model Components
End Fo-
cused
QUAR-VLA v X Quadruped-specific VLA with adaptive gait and body com- Dataset: QUART locomotion + manipulation; Vision Encoder: EfficientNet-B3;
(Ding et al, mand mapping, strong sim-to-real transfer. Language Encoder: FILM / VLM tokenizer; Action Decoder: Transformer decoder
2024) (discrete tokens)
3D-VLA (Zhen v v Integrates 3D generative diffusion heads for world recon- Dataset: 3D-language-action pairs; Vision Encoder: 3D-aware transformer; Language
etal., 2024) struction, enabling planning in RGB+D and point-cloud Encoder: 3D-LLM; Action Decoder: Multi-head diffusion planner
spaces.
RoboMM  (Yan (4 v MIM-based multimodal decoder unifying 3D perception Dataset: RoboData (CALVIN, Meta-World); Vision Encoder: Multi-view CLIP +
et al., 2024) and language for spatially aligned policy fusion. occupancy network; Language Encoder: Flamingo-style fusion module; Action De-
coder: Multimodal MLP/attention decoder
FAST  (Pertsch v v Frequency-space action tokenization for up to 15 times Dataset: DROID; Vision Encoder: PaliGemma (SigLIP); Language Encoder:
et al., 2025) faster inference on general robot control. PaliGemma (Gemma-2B); Action Decoder: FAST token generator
OpenVLA-OFT v Optimized fine-tuning of OpenVLA with parallel chunked Dataset: LIBERO; Vision Encoder: SigLIP + DINOv2; Language Encoder: LLaMA-
(Kim et al., 2025) decoding, achieving 97.1 % success on LIBERO dataset 27B; Action Decoder: Llama 2 Parallel chunking head
and 26 time speed-up.
CoVLA  (Arai v x VLA model for autonomous driving, trained on richly Dataset: Large-scale driving videos + annotations; Vision Encoder: CLIP ViT;
et al., 2025) annotated scene data for robust planning. Language Encoder: LLaMA-2; Action Decoder: Trajectory prediction module
ORION (Fuetal., (4 X Holistic end-to-end driving VLA aligning semantic under- Dataset: E2E driving benchmark; Vision Encoder: EVA-02-L (Transformer); Lan-
2025) standing with generative trajectory control. guage Encoder: Vicuna v1.5 (LoRA); Action Decoder: Generative planner head
UAV-VLA v X Zero-shot aerial mission VLA combining satellite and Dataset: Satellite + UAV flight logs; Vision Encoder: Molmo-7B-D (CLIP); Lan-
(Sautenkov et al., UAV imagery for scalable instruction-driven flight plan- guage Encoder: GPT-3; Action Decoder: Transformer-based path planner
2025) ning.
Combat VLA v x Ultra-fast tactical reasoning in 3D ARPG environments, Dataset: 3D ARPG combat logs; Vision Encoder: Qwen2.5-VL-3B; Language En-
(Chen et al., achieving 50 times faster inference and human-level suc- coder: Qwen2.5-VL-3B; Action Decoder: LLM-based planner head
2025a) cess.
HybridVLA (Liu v X Adaptive ensemble decoding that combines diffusion and Dataset: RT-X trajectories + synthetic task fusion; Vision Encoder: CLIP ViT +
et al., 2025) autoregressive policies for robust multi-task generaliza- DINOV?2; Language Encoder: LLaMA-2; Action Decoder: Diffusion policy head
tion.
NORA (Hung v X Low-overhead VLA with integrated visual reasoning and Dataset: OXE; Vision Encoder: Qwen-2.5-VL; Language Encoder: Qwen-2.5-VL;
et al., 2025) FAST token decoding for real-time performance. Action Decoder: FAST tokenizer head
Spatial VLA (Qu v X 3D spatial encoding and adaptive action discretization to Dataset: OXE; Vision Encoder: SigLIP; Language Encoder: PaliGemma (Gemma-
et al., 2025) improve cross-robot manipulation generality. 2B); Action Decoder: Adaptive action grid head
MoLe-VLA v X Selective layer activation in a multi-stage ViT yields 5.6 Dataset: RLBench + real-world trials; Vision Encoder: DINOv2, SigLIP; Language
(Zhang et al, time faster inference and +8% task success. Encoder: LLaMA-2; Action Decoder: Diffusion head
2025e)
JARVIS-VLA (Li v X Open-world instruction following in 3D games via key- Dataset: Minecraft gameplay demos; Vision Encoder: ViT (in Llava-Next/Qwen2-
et al., 2025b) board/mouse action prediction. VL); Language Encoder: Llava-Next/Qwen2-VL (transformer LLMs); Action De-
coder: Key/mouse control head
UP-VLA (Zhang v Precise 3D spatial reasoning, achieving +33 % success on Dataset: CALVIN; Vision Encoder: CLIP-ViT; Language Encoder: Phi-1.5; Action
et al., 2025d) the CALVIN benchmark. Decoder: MLP policy head
Shake-VLA v v Modular bimanual VLA achieving 100% success on clut- Dataset: Cocktail mixing demos; Vision Encoder: YOLOv8, EasyOCR; Language
(Khan et al., tered cocktail-mixing tasks. Encoder: GPT-40,Whisper-1; Action Decoder: Bimanual arm controller
2025)
MORE (Zhao X Scalable Mixture of Expert (MoE) enhanced RL frame- Dataset: Quadruped navigation/manipulation demos; Vision Encoder: CLIP-like;
et al., 2025a) work for quadruped multi-task learning. Language Encoder: Fuyu 8B ; Action Decoder: Mixture-of-Experts + LoRA adapter
DexGraspVLA v X Diffusion-based dexterous grasping with > 90% zero-shot Dataset: Self-collected Dexterous grasp data; Vision Encoder: DINOv2; Language
(Zhong et al, success across diverse objects. Encoder: Qwen-VL, Qwen2.5-VL; Action Decoder: Diffusion policy head
2025b)
DexVLA  (Wen v X Cross-embodiment diffusion expert enabling rapid adapta- Dataset: OXE, RLBench; Vision Encoder: Qwen2-VL (ViT), ResNet-50; Language
etal., 2025) tion without per-task tuning. Encoder:Qwen2-VL,DistilBERT; Action Decoder: Diffusion Transformer head
Humanoid-VLA v X Hierarchical VLA for full-body humanoid control, inte- Dataset: Self-collected humanoid robot episodes; Vision Encoder: Video Visual
(Ding et al, grating perception and latent action planning. Encoder,Cross-Attention; Language Encoder: Llama3-70B; Action Decoder: Token-
2025) based Motion Decoder + RL Whole-Body Ctrlr
ObjectVLA (Zhu v X End-to-end open-world object manipulation without task- Dataset: RoboSpatial manipulation episodes; Vision Encoder: DinoX, DiVLA VLM;
et al., 2025a) specific data. Language Encoder: DiVLA (LLM backbone); Action Decoder: Object-centric diffu-
sion controller head
Gemini Robotics v v General-purpose VLA built on the Gemini 2.0 foundation, Dataset: Self-collected ALOHA2 demos + web-scale VL Dataset; Vision Encoder:
(Team, 2025b) enabling long-horizon dexterous manipulation across di- Gemini 2.0 vision component; Language Encoder: Gemini 2.0 language component;
verse robot embodiments with zero-shot adaptability. Action Decoder: Local zero-shot policy head
ECoT (Zawalski v Embodied chain-of-thought planning for interpretable, Dataset: Bridge v2 ; Vision Encoder: SigLIP, DINOv2; Language Encoder: LLaMA-2
et al., 2025) stepwise VLA control. 7B; Action Decoder: Autoregressive VLA decoder with CoT module
OTTER (Huang v Zero-shot generalization via a frozen CLIP backbone and Dataset: LIBERO; Vision Encoder: Frozen CLIP ViT; Language Encoder: CLIP text
et al., 2025a) causal transformer action decoding. encoder; Action Decoder: Causal transformer delta-trajectory head
7-0.5 (Black v Hierarchical VLA co-trained on real robot demos and Dataset: self-collected 400h robot teleop + web VL dataset; Vision Encoder: SigLIP;
et al., 2025) web-scale vision-language data for robust household task Language Encoder: Gemma (2B/2.6B); Action Decoder: Flow Matching Head
generalization.
OneTwoVLA (4 v Unified reasoning-acting framework that dynamically tog- Dataset: Self-collected 16K reasoning-augmented robot episodes; Vision Encoder:
(Lin et al., 2025) gles between planning and control via decision tokens. same as pi-0 vla; Language Encoder:same as pi-0 vla; Action Decoder: Diffusion
policy head
Helix (Team, v v First 200 Hz VLA for full humanoid control on embedded Dataset: self-collected 200Hz teleop + sim logs; Vision Encoder: Pretrained VLM ;
2025a) systems, enabling zero-shot task transfer. Language Encoder: Pretrained VLM ; Action Decoder: Fast transformer policy
Gemini Robotics v On-device optimized variant of Gemini VLA, delivering Dataset: Self-collected ALOHA2 + few-shot adaptation demos; Vision Encoder:
On-Device low-latency dual-arm and humanoid control on embedded Gemini SDK vision module; Language Encoder: Gemini SDK language module;
(Parada and hardware. Action Decoder: On-device optimized policy head
Team, 2025)
OE-VLA (Zhao v v Curriculum-tuned LLaVA backbone with interleaved mul- Dataset: CALVIN; Vision Encoder: SigLIP-400M ViT; Language Encoder: Qwen-
et al., 2025¢) timodal prompting for improved generalization across 1.5 language module; Action Decoder: MLP token generator
vision-language-action tasks.
Smol VLA v v Ultra-lightweight VLA trained on community-contributed Dataset: 22.9K community episodes; Vision Encoder: SigLIP (VLM-2) visual back-
(Shukor et al., robot demonstrations, capable of real-time inference on bone; Language Encoder: SmolVLM?2 text backbone; Action Decoder: Chunked
2025) PU. flow-matching head
EF-VLA v v Early fusion of fine-grained CLIP visual tokens into the Dataset: Self-collected real and simulated tasks; Vision Encoder: Frozen CLIP ViT;
(authors, 2025) language-action pipeline, boosting zero-shot generaliza- Language Encoder: Frozen CLIP text encoder; Action Decoder: causal transformer
tion.

PD-VLA (Song v X First parallel decoding method with action chunking for Dataset: Chunked trajectory demonstrations; Vision Encoder: CLIP-ViT-Large-
et al., 2025b) VLA, achieving a 2.52 times speed-up without sacrificing Patch14-336 (LLaVA); Language Encoder: Vicuna-7B-v1.5 (LLaVA); Action De-
control fidelity. coder: Fixed-point token predictor
LeVERB  (Xue v v Dual-process latent VLA for whole-body humanoid con- Dataset: sim-to-real humanoid demos; Vision Encoder: SigLIP ViT; Language En-
et al., 2025) trol, achieving 58.5 % success on sim-to-real humanoid coder: SigLIP text encoder; Action Decoder: Latent CVAE verb + transformer policy

demos.
TLA (Hao et al., v v First language-grounded tactile-action model for high- Dataset: TLA Data; Vision Encoder: ViT (Qwen2-VL); Language Encoder: Qwen2-
2025) precision contact tasks, with 85 % success on peg-in-hole VL; Action Decoder: Multimodal Ax/Ay/Az predictor

task.
Interleave-VLA v v Model-agnostic wrapper enabling interleaved image-text Dataset: Interleave-VLA data; Vision Encoder: Any base VLM (e.g., OpenVLA);
(Fan et al., 2025) instruction processing.. Language Encoder: Any LLM (e.g., Pi-0); Action Decoder: Minimal interleaved-

processing module

iRe-VLA  (Guo (4 v Iterative RL and supervised fine-tuning pipeline for robust Dataset: Franka-Kitchen, real Panda robot demos; Vision Encoder: BLIP-2 (pre-

etal., 2025)

control and rapid generalization across embodiments.

trained VLM); Language Encoder: BLIP-2; Action Decoder: MLP action head after
token learner

continue
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Model Name End-to- Comp. Main Contribution Training Dataset and Model Components
End Fo-
cused

TraceVLA v v Visual trace prompting to incorporate spatio-temporal Dataset: OXE + 150K trace-annotated demos; Vision Encoder: Phi-3-Vision with

(Zheng et al, cues, boosting task success by 3.5 time over OpenVLA. trace overlay; Language Encoder: Phi-3 LLM; Action Decoder: Quantized delta-

2025b) motion tokens

OpenDrive VLA v x End-to-end driving VLA with semantic scene alignment Dataset: Autonomous driving QA/planning benchmarks; Vision Encoder: ResNet-

(Zhu et al, and temporal abstraction for robust trajectory planning. 101 + Query Transformers; Language Encoder: Qwen2.5-Instruct (LLM); Action

2025b) Decoder: Ego-vehicle action autoregressor

V-JEPA 2 (Ass- (4 X Dual-stream self-supervised video JEPA enabling predic- Dataset: Droid video data; Vision Encoder: ViT (self-supervised) ; Language En-

ran et al., 2025) tive planning in vision-language-action tasks. coder: LLM for QA/alignment; Action Decoder: Action-conditioned transformer
predictor head

Knowledge v X Implements insulation layers between vision-language and Dataset: Multi-domain VL datasets; Vision Encoder: PaliGemma (SigLIP); Language

Insulating VLA action modules, accelerating training and inference while Encoder: PaliGemma (Gemma-2B) encoder; Action Decoder: Diffusion Modular

(Driess et al, maintaining generalization. policy head

2025)

GROOT NI (4 x Self-collected Diffusion-based foundation model enabling Dataset: Multi-modal humanoid demonstrations; Vision Encoder: SigLIP-2 ViT

(Bjorck et al, unified humanoid control with policy tokenization. (Eagle-2 VLM); Language Encoder: SmolLM2 (Eagle-2 VLM); Action Decoder:

2025) Generative diffusion transformer based planner

AgiBot  World (4 X Integrates multiple embodied datasets into a unified plat- Dataset: AgiBot World Data; Vision Encoder: PaliGemma (SigLIP); Language

Colosseo (Bu form for scalable training and evaluation of VLA models. Encoder: PaliGemma (Gemma-2B); Action Decoder: Latent action planner + policy

et al., 2025) head

Hi Robot (Shi v X Hierarchical separation of planning and control for open- Dataset: Self-collected Instruction-following data; Vision Encoder: PaliGemma-3B

etal., 2025) ended instruction following in complex environments. (SigLIP); Language Encoder: PaliGemma-3B (Gemma-2B); Action Decoder: Flow-
Matching Action Expert

EnerVerse v X World-model LLM for predictive future-space modeling, Dataset: self-collected Synthetic task fusion data; Vision Encoder:Pretrained VAE

(Huang et al, enabling long-horizon manipulation planning. + Diffusion Generator; Language Encoder: Tokenized instruction prompt; Action

2025b) Decoder: Diffusion Policy Head

FLaRe (Hu et al., (4 X Large-scale RL fine-tuning framework generating robust, Dataset: Multi-domain RL demonstrations; Vision Encoder: DinoV2; Language

2024) adaptive robot policies across domains. Encoder: Transformer policy (language tokens); Action Decoder: RL policy head

Beyond Sight v X Fuses heterogeneous sensor modalities via language- Dataset: self-collected Multi-sensor data; Vision Encoder: Multi-modal ViT; Lan-

(Jones et al, grounded attention to improve VLA generalization. guage Encoder: Transformer (shared, task language input); Action Decoder: Trans-

2025) former action head

GeoManip (Tang v X Encodes geometric constraints as model interfaces, en- Dataset: Self-collected Simulated geometry tasks; Vision Encoder: VLM (GPT-40)

etal., 2025) hancing robustness and precision in manipulation. + Grounding-DINO; Language Encoder: GPT-40; Action Decoder: Constraint solver
head

Universal Actions v X Defines a universal action dictionary to standardize policy Dataset: Self-collected Cross-domain manipulation demos; Vision Encoder: Shared

(Zheng et al, transfer and improve cross-task adaptability. VLM (LLaVA-OneVion-0.5B); Language Encoder: LLaVA; Action Decoder: Uni-

2025a) fied action tokenizer head

RoboHorizon (4 X LLM-enhanced multi-view environment modeling for ro- Dataset: Self-collected Multi-view robot trajectories ; Vision Encoder: Multi-view

(Chen et al, bust long-horizon task planning. transformer (ViT); Language Encoder: GPT-based planner; Action Decoder: Dream-

2025¢) erV2 Actor-Critic RL Head

SAM2Act (Fang v X Utilizes SAM-based segmentation prompts with memory- Dataset: SAM-labeled manipulation tasks; Vision Encoder: SAM2 segmentation en-

et al., 2025) augmented VLA for improved object-centric manipulation. coder; Language Encoder: CLIP text encoder; Action Decoder: Memory-augmented
policy head

LMM  Planner (4 X Merges LMM-based strategic planning with 3D skill poli- Dataset: skill library demos; Vision Encoder: DINO (2D semantics) + PointNext

Integration  (Li cies for generalizable manipulation. (3D); Language Encoder: CLIP Language Encoder; Action Decoder:3D Transformer

et al., 2025d) head

VLA-Cache (Xu v X Introduces token-caching to reuse computation across time Dataset: LIBERO; Vision Encoder: CLIP ViT; Language Encoder: LLaMA-2; Action

et al., 2025b) steps, boosting inference efficiency. Decoder: Cached inference head

Forethought VLA v X Aligns latent vision and action spaces for foresight-driven Dataset: Self-collected Latent alignment demonstrations; Vision Encoder: Phi-3

(Wu et al., 2025) policy steering. Vision; Language Encoder: LLama; Language; Action Decoder: Diffusion policy

GRAPE (Zhang v X Preference-guided policy adaptation via personalized feed- Dataset: Self-collected Preference-labeled demos; Vision Encoder: Dinov2; Lan-

et al., 2024c) back alignment. guage Encoder: LLaMA-2; Action Decoder: Autoregressive transformer head

HAMSTER  (Li (4 X Hierarchical skill decomposition to sequence multi-step Dataset: Self-collected Decomposed manipulation tasks; Vision Encoder: VILA-1.5-

et al., 2025¢) manipulation actions. 13B; Language Encoder: VILA-1.5-13B; Action Decoder: Robotic View Transformer
Skill execution head

TempoRep VLA v X Use successor representation temporal encoding for com- Dataset: Self-collected Temporal demonstration sequences; Vision Encoder: ResNet-

(Myers et al, positional action planning. 34 CNN; Language Encoder: retrained transformer (CLIP-style); Action Decoder:

2025) MLP (3x256) head on ResNet feature

ConRFT  (Chen v X Applies consistency regularized fine-tuning with reinforce- Dataset: Self-collected data for fine-tuning; Vision Encoder: same as in octo; Lan-

et al., 2025b) ment for stable policy learning. guage Encoder:same as in octo; Action Decoder: Reinforced policy head

RoboBERT v X Unified multimodal Transformer for end-to-end vision- Dataset: Self-collected Multi-domain robot demos; Vision Encoder: CLIP ViT;

(Wang et al, language-action manipulation, pre-trained on diverse robot Language Encoder: BERT-base; Action Decoder: CNN-based Diffusion Policy Head

2025) and language data.

Diffusion (4 X Adapts diffusion-based transformer architectures to VLA Dataset: LIBERO + CALVIN; Vision Encoder: DINOv2; Language Encoder: CLIP

Transformer policy learning, enabling robust multimodal action sam- Text Encoder; Action Decoder: Diffusion generator head

Policy (Hou pling.

etal., 2024a)

GEVRM (Zhang v X Generative video modeling of goal-oriented tasks to en- Dataset: CALVIN; Vision Encoder: ResNet-34; Language Encoder: T5 Encoder;

et al., 2025b) hance planning for visual manipulation. Action Decoder: Diffusion Policy

SoFar (Qi et al., v X Introduces successor-feature orientation representations Dataset: Self-collected Orientation task demonstrations; Vision Encoder: Florence-2

2025) bridging spatial reasoning and robotic manipulation. (ViT-style), SAM; Language Encoder: CLIP Text Encode; Action Decoder: VLM
(e.g., LLaVA or GPT-40) for 6D goal pose, then motion planner

ARMA4R (Niu v X Auto-regressive 4D transition model for predicting and Dataset: 76K videos from the Epic-Kitchens100 dataset ; Vision Encoder: ViT-Base;

et al., 2025) planning manipulator trajectories. Language Encoder: CLIP text encoder; Action Decoder: 2-layer MLP

Magma  (Yang v X Foundation multimodal agent model unifying vision, lan- Dataset: Self-collected Multimodal interaction dataset; Vision Encoder: ConvNeXt-

et al., 2025) guage, and action domains for end-to-end control. XXlarge; Language Encoder: LLaMA-3-8B (decoder-only LLM); Action Decoder:
Decoder-Only LLM Head (LLaMA-3-8B)

An Atomic Skill v X Constructs an atomic skill library for modular, data- Dataset: Self-collected Skill primitive demonstrations; Vision Encoder: Prismatic

Library (Li et al., efficient composition of robotic actions. VLM (scene description.), DINO-X (obj detection), SAM-2 (segmentation); Lan-

2025a) guage Encoder: Prismatic, GPT-4 (for planning); Action Decoder: Skill executor
module

VLAS (Zhao v x Integrates speech-based LLM guidance for customizable Dataset: Speech-guided robot demos; Vision Encoder: CLIP ViT; Language Encoder:

et al., 2025b) voice-driven vision-language-action control. Vicuna (LLaMA-7B/13B); Action Decoder: Vicuna as an Autoregressive Action
Decoder

ChatVLA (Zhou v v Unified conversational VLA enabling natural-language Dataset: Interactive human-robot demos; Vision Encoder: ViT + LoRA; Language

et al., 2025b) and vision-driven interactive robot control with real-time Encoder: Qwen2-VL-2B (LLM); Action Decoder: mixture-of-expert action head, as

multimodal feedback. in DiVLA)
RoboBrain  (Ji v X Knowledge-grounded policy brain that maps abstract high- Dataset: Multi-domain robot and plan data; Vision Encoder: SigLIPr; Language En-
etal., 2025) level plans to concrete multimodal actions across diverse coder: Qwen2.5-7B-Instruct (decoder-only LLM); Action Decoder: LoRA adapters
tasks. for skill

SafeVLA (Zhang v X Safety-aware VLA integrating constraint feedback through Dataset: Safety-scenario demonstrations; Vision Encoder: Modular (DINOv2,

et al., 2025a) safe RL to ensure collision-free, reliable manipulation. SigLIP, CLIP); Language Encoder: LLM (model-agnostic, e.g., T5, LLaMA, Qwen);
Action Decoder: Safety-constraint policy head

CognitiveDrone v X Embodied cognitive reasoning VLA for UAVs, combin- Dataset: UAV mission logs; Vision Encoder: OpenVLA visual encoder (ViT-style)

(Lykov et al, ing vision-language understanding with autonomous flight ; Language Encoder: OpenVLA’s language encoder; Action Decoder: Transformer

2025) planning. policy head

Diffusion-VLA v v Multimodal VLA framework unifying vision-language Dataset: Multi-embodiment manipulation suites; Vision Encoder: SigLIP; Language

(Wen et al., 2024)

reasoning with diffusion-based policy for robust, general-
izable manipulation across diverse robot embodiments.

Encoder: Qwen2-VL (2B/7B/72B); Action Decoder: Latent diffusion policy head +
MLP

First Author et al.:

Preprint submitted to Elsevier

Page 10 of 43



Vision Language Action Models A Review

CLIP-RT, CLIPort, OTTER, EF-VLA, UP-VLA, VLA-Cache, PD-

CLIP VLA, SAM2Act, CoVLA, RoboBERT, HybridVLA, UAV-VLA, Uni-
NaVid, A3VLM ,RoboMM, SafeVLA
Edge VLA, OpenVLA, CogACT, RevLA, RDT-1B, MoLe-VLA, ECoT,
OE-VLA, DexVLA, GROOT N1, SpatialVLA, LeVERB, SmolVLA,
SigLIP DexGraspVLA, SafeVLA, Pi-0.5, Chain-of-Affordance, Pi-0, FAST,
ViT Variants ari)a;;ag\élt.A, Knowledge Insulating VLA , AgiBot World Colosseo,
Edge VLA, OpenVLA, ObjectVLA, CogACT, HybridVLA, RevLA,
DINOv2 MolLe-VLA, ECoT, A3VLM, DexGraspVLA, SafeVLA, FLaRe,
Gf{APE,LMM Planner Integration ]
/W\A/Chain—of—Affordance , ShowUI-2B, Bi-VLA, Combat \‘
A Qwen2 VIT / \_VLA, DexVLA, JARVIS-VLA, NORA, TLA J
VT «(ResNet )—(CLIPor‘t, ACT, Diffusion Policy, GEVRM, OpenDrive VLA )
h ~ (EfficientNet )—(RT-1, RT-Trajectory, QUAR-VLA )
RevLA, RoboNurse-VLA, OpenVLA, CogACT, PD-VLA
LLama and HybridVLA, HiRT, A3VLM, ECoT, NaVILA, Mole-VLA, VIMA,

Combat VLA, VLAS, Chain-of-Affordance, Humanoid-VLA, UP-
VLA, Forethought VLA,CoVLA, Helix

Vicuna -based

T5-base VIMA, Octo, GEVRM, RDT-1B, ConRFT, FLaRe
GPT- based VoxPoser, Shake-VLA, Hi Robot, GeoManip, UAV-VLA,
RoboHorizon, SoFar. An Atomic Skill Library
VLA Components Langugage Encoder Edge VLA, ShowUI-2B, Bi-VLA, NORA, TLA, Chain-of-Affordance,
Qwen-based DexVLA, DexGraspVLA, SpatialVLA, Combat VLA, OE-VLA ,
OpenDrive VLA, RoboBrain, ChatVLA, JARVIS-VLA , Diffusion-VLA
: Pi-0, FAST, SpatialVLA, Knowledge Insulating VLA , AgiBot
Gemma-2B World Colosseo, Hi Robot
CLIP-RT, CLIPort, EF-VLA, OTTER, SAM2Act, Diffusion Transformer
CLIP Text

Policy, PerAct, LMM Planner Integration, SoFar, ARM4R

Octo, CogACT, HybridVLA, DexGraspVLA, RDT-1B,

) Diffusion Transformer Policy, OneTwoVLA, ObjectVLA,
Mole-VLA, GROOT N1, 3D-VLA, DexVLA, DexGraspVLA,
Chain-of-Affordance, Pi-0, VIMA, RoboBERT

Gato, OpenDrive VLA, ECoT, GRAPE, ACT, UAV-VLA,

Beyond Sight >

OpenVLA, RoboAgent, TraceVLA, ARM4R, HIiRT, PD-VLA, OE-
VLA, Bi-VLA, Hi Robot, FAST, RoboMM, RoboNurse-VLA,

VoxPoser, Mobility VLA, LMM Planner Integration, FLaRe,
Planner and MPC Head (Shake—VLA, AgiBot World Colosseo

Figure 8: This mind map presents the principal classes of vision encoders, language encoders, and action decoders employed
in state-of-the-art VLA models. Only those encoder and decoder classes that are utilized by at least three different models are
visualized, highlighting prevailing architectural trends across the VLA literature. The taxonomy categorizes representative models
under each component family based on their dominant backbone; for example, ViT variants (such as; CLIP, SigLIP, DINOv2)
and CNNs for vision encoding, LLaMA/Vicuna, T5-base, Qwen, and GPT-based models for language encoding, and diffusion or
autoregressive transformers, MLP, and general Token predictors for action decoding. It should be noted that some models are listed
under multiple encoder categories due to hybrid or fused architecture designs. For instance, models such as HybridVLA, OpenVLA,
and DexGraspVLA appear under both SigLIP and DINOv2, as they integrate features from both backbones to enhance visual
grounding and downstream task performance. This fusion-based design supports improved generalization, multi-view robustness,
and more flexible multimodal alignment.

(Diffusion Policy Head

(Autoregressive Transformers>

Action Decoder

(MLP and Token Predictor)

Models such as OpenVLA and Octo further incorpo-
rate proprioceptive tokens, while several systems (e.g., Per-
Act (Shridhar et al., 2022b), Helix (Team, 2025a)) support
real-time feedback loops for continual correction. The rapid
evolution and plug-and-play modularity of these architec-
tures, where one can swap in a stronger ViT, a larger lan-
guage model, or a more expressive diffusion sampler are
driving to a new direction of instruction-driven autonomy
for generalist robotic systems.

4.2. State-of-the-Art VLA Models

Table 1 is organized to provide a brief yet thorough
overview of over a hundred VLA models related to robotic
manipulation and instruction-driven autonomy. The first two
columns detail the name and year of publication of each
model. The next two columns End-to-End and Compo-
nent Focused flag whether a model learns a direct mapping
from raw visual and language input to control commands
or instead concentrates on developing individual building
blocks (for example, a better vision backbone or a more
effective action sampler). The Main Contributions column
then summarizes each work’s core innovation, whether it
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introduced a novel fusion architecture, demonstrated a new
training paradigm, or achieved state-of-the-art performance
on a benchmark.

Each VLA model is based on four essential compo-
nents: the training dataset, which provides foundational
real-world task demonstrations or simulated episodes; the
vision encoder, responsible for converting raw images or
depth data into detailed feature maps; the language encoder,
which maps instructions or annotations into a shared la-
tent space; and the action decoder, which integrates these
multimodal embeddings to produce the actual robot instruc-
tions, whether they are joint trajectories, discrete tokens, or
overarching motion primitives. In Table 1, the final column
specifies which dataset each model was trained on, which
vision backbone it uses (e.g. CLIP-ViT, ResNet, Efficient-
Net), which text encoder it employs (e.g. T5, LLaMA, CLIP
text), and what kind of action decoder it relies upon, e.g.
Transformer head, diffusion policy, CVAE sampler (Xu
et al., 2025a), making it straightforward to compare how
different architectures assemble these building blocks.

4.3. Architectural Fusion Trends

Fig. 8 presents a comprehensive taxonomy of VLA
model components, structured around three interconnected
modules: vision encoders, language encoders, and action
decoders. Within the vision encoder family, several promi-
nent approaches exist. CLIP and SigLIP-based encoders
are popular for their strong visual-text alignment through
contrastive learning and are utilized in models such as
CLIPort, RevLA, and Edge VLA. Other ViT variants such
as DINOv2 and Qwen2 VIT, are used in models like Gato,
Octo, HybridVLA, and Chain-of-Affordance for their ability
to model long-range spatial dependencies and high-level
visual semantics. CNN-based encoders such as ResNet and
EfficientNet appear in models like CLIPort, ACT, RT-1, and
QUAR-VLA.

Language encoders show similar architectural diversity.
LLaMA and Vicuna-based language encoders are widely
used in models such as RevLA, OpenVLA, and HybridVLA
for instruction understanding and zero-shot reasoning. T5-
style models appear in VIMA, Octo, and FLARE, offering
flexible encoder-decoder structures for sequence generation.
GPT-based and Qwen-based encoders, such as those used in
VoxPoser, Edge VLA, and DexVLA, balance generalization
and compact deployment. Gemma-2B language encoders are
found in Pi-0 and FAST, while specialized solutions like
CLIP Text encoders are used in CLIPort and PerAct for
minimal alignment tasks.

In action decoders, diffusion-based transformers are a
leading choice for models like Octo, HybridVLA, and Dex-
GraspVLA, as they offer fine-grained, temporally smooth
control via iterative denoising. Autoregressive Transformer
heads, such as those in Gato, OpenDrive VLA, and GRAPE,
generate action sequences step-by-step, optimizing real-time
responsiveness. Several models including VoxPoser, LMM
Planner Integration, and FLARE embed Model Predictive

Control or specialized planning heads to support decision-
making in dynamic tasks. MLP or token predictor heads are
used in OpenVLA, Trace VLA, and RoboMamba for efficient
low-level control.
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Figure 9: Fusion paradigms in VLA architectures. (a) Early
Fusion: Visual and linguistic inputs are combined at the input
stage through a Joint Multimodal Encoder to form a shared
representation. (b) Late Fusion: Separate vision, language,
and state encoders are merged by a Fusion Policy (LLM-
conditioned) or semantic integration layer before decoding.
(c) Hierarchical Fusion: Multimodal interaction occurs across
perceptual, semantic, and control levels via bidirectional links
between encoders, an LLM/VLM reasoning core, and a Diffu-
sion Policy Transformer. Hierarchical designs enable iterative
refinement, stronger grounding, and improved robustness in
embodied control.

hierarchical

Diffusion Policy Transformer

Our evaluation of VLA architectures identifies three
dominant types of fusion frameworks, early, late, and hier-
archical as illustrated in Fig. 9.

(a) Early Fusion: Visual and linguistic inputs are in-
tegrated at the input stage through a shared multimodal
encoder that jointly processes tokens from both modalities.
Models such as CLIPort and EF-VLA exemplify this ap-
proach, fusing text and image embeddings early to achieve
strong perception instruction alignment and compact latent
representations.

(b) Late Fusion: Vision, language, and robot-state sig-
nals are encoded independently and later merged by a high-
level semantic integration layer or an LLM/VLM that con-
ditions policy generation. This modular design, employed in
architectures such as R7-2 and OpenVLA, supports scalable
pretraining and cross-task generalization but offers weaker
fine-grained grounding between modalities compared to
deeper fusion hierarchies.

(¢) Hierarchical Fusion: Fusion is distributed across
multiple layers of abstraction, enabling iterative interaction
between perception, language understanding, and control.
Architectures such as GROOT-N1, DexVLA, and HybridVLA
implement this strategy by coupling transformer-based rea-
soning modules with diffusion- or flow-based policy de-
coders, allowing continuous semantic control feedback. This
approach enhances contextual reasoning, improves real-to-
sim transfer, and increases robustness across diverse embod-
ied robotic tasks.

The qualitative synthesis above encourages a more de-
tailed examination of the practical impact of these design
choices.
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4.4. Quantitative Meta-Analysis of Architecture
Performance Relationships

Robotic manipulation presents specific challenges that
require the coordinated integration of visual perception, nat-
ural language grounding, and closed-loop action execution.
VLA model architectures are therefore expected to perceive
objects in cluttered environments, interpret task semantics
(e.g., open drawer — grasp — insert), and maintain stable
interaction under physical disturbances. These requirements
suggest that architectural design choices, including multi-
modal fusion hierarchy, encoder scale, and decoder dynam-
ics, are directly tied to manipulation success. To investigate
these relationships systematically, we perform a quantitative
meta-analysis of benchmark observations from reviewed
models collected from recent literature. The Details of the
key concepts and of the below computation details can be
found in the Appendix A and B.

For each model, we extract the main success metric
reported in its original source, normalize it to the interval
[0,1], and apply a difficulty adjustment so that models
evaluated on more challenging settings are not unfairly pe-
nalized. This correction is derived from a Difficulty Index
that incorporates task complexity (C,, ), modality richness
(Cmod)» and dataset scale (log N). The resulting score, de-
noted Normalized success, gives greater weight to perfor-
mance on complex, multimodal, long-horizon evaluations
and assigns lower importance to performance on simple or
single-modal tests, ensuring comparability across heteroge-
neous benchmarks. This corrected and clipped value serves
as the dependent variable Y in the regression analysis.

The regression model relates normalized performance to
architectural and dataset characteristics as follows:

Y =8+ 5D, + S, + B3S, + BiCrugc + BsCrnoa
+ ﬂbl]diffusion + :B7|]ﬁow + ﬁSﬂhierarchica] (4)

+ Upench te.

where D, measures fusion depth design (early, late, or
hierarchical); S, and S, capture the scale of visual and
linguistic encoders, respectively; C,,q reflects contact and
sequential difficulty; and C,,,4 denotes modality richness.
The indicator terms ggusions Mows a0 Ipierarchical TEPrEseNt
binary variables identifying diffusion-based decoders, flow-
matching decoders, and explicitly hierarchical fusion archi-
tectures, respectively, with symbolic or MLP-based con-
trollers serving as the baseline. The random term uy,, ac-
counts for benchmark-specific heterogeneity across datasets
and evaluation suites, and & denotes the residual noise. All
continuous predictors are standardized to allow direct com-
parison of effect magnitudes. Importantly, the regression
does not generate success scores; the values of Y are sourced
directly from paper-reported results after applying the above
stated difficulty index-based rubric. The regression simply
learns how architectural choices statistically associate with
these normalized outcomes. The fitted coefficients and their
95% confidence intervals populate the forest plot.

Fig. 10 depicts standardized regression coefficients grouped

by functional category as: Decoder Policy (Igifrusions low)s

Task Complexity (Ci,g, Cmoa)» Model Scale (S, S,), and
Architecture Design (D, lpie,). A vertical reference line at
p = 0 facilitates assessment of statistical significance. The
analysis shows that diffusion-based action decoders produce
the largest positive contribution to success, suggesting that
smooth, feedback-aware sampling significantly improves
closed-loop correction during grasping and alignment tasks.
Flow-matching decoders show a comparable, though slightly
lesser, advantage. Hierarchical fusion strategies demonstrate
a strong positive influence, indicating that maintaining se-
mantic grounding throughout the control pipeline enhances
error recovery and long-horizon stability. In contrast, sym-
bolic and MLP-style controllers correlate negatively with
success, reflecting their limited robustness in the presence
of real-world uncertainty. The scale of vision and language
encoders contributes positively but modestly, implying that
enlarging perceptual or linguistic capacity alone does not
compensate for weak fusion or action models. Overall, the
forest plot indicates that decoder dynamics and hierarchical
fusion are the primary architectural drivers of manipulation
success, while encoder scale contributes marginally and
task-level complexity plays little role after normalization.

To examine broader architectural trends beyond linear
effects, we analyze continuous relationships between model
scale, fusion depth, and predicted performance. As illus-
trated in Fig. 11, deeper fusion consistently leads to higher
manipulation success, suggesting that iterative cross-modal
interaction between perception and task semantics is critical
for informed action selection. Larger visual encoders offer
improved robustness to occlusions and cluttered scenes,
although these gains are less pronounced than those obtained
through deeper fusion. In general, the results indicate that
architectural decisions governing where and how modalities
interact matter more than simply increasing model size.

We further study the latent structure underlying the
observed performance variance by applying factor analysis
to the model features (Fig. 12). Three dominant performance
axes emerge. Factor 1 (Architecture) is characterized by
strong loadings on fusion depth and encoder scale, defining
the principal direction of variance. This factor reflects the
ability of a system to propagate semantic and geometric
information through the action hierarchy. Factor 2 (Scale)
captures dataset size and multimodality, aligning with gen-
eralization benefits obtained from broader experience. Fac-
tor 3 (Performance) accounts for stability differences under
contact-rich conditions where minor deviations must be
corrected continuously.

Taken together, these analyses demonstrate that reliable
manipulation performance is primarily influenced by multi-
modal fusion strategies and action decoder dynamics rather
than parameter scaling alone. The results support a mech-
anistic view in which VLA success depends on the quality
of perception-action grounding: architectures that repeatedly
integrate state, vision, and task semantics throughout the
policy pipeline achieve superior error recovery and contact
stability. Thus, deeper cross-modal interaction serves as
the primary driver of real-world manipulation capability,
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Figure 10: Architecture-to-performance regression analysis. The forest plot displays standardized regression coefficients showing
that diffusion-based decoders and hierarchical fusion exert the strongest positive associations with normalized manipulation
success, while shallow fusion depth and symbolic or MLP-style controllers correlate negatively with robustness across contact-rich

tasks.
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Figure 11: Impact of model scale and fusion depth on success rate. Deeper fusion and hierarchical architectures consistently
outperform shallow or component-based systems, whereas pure scaling of encoder capacity provides comparatively incremental

improvements.

while model and dataset scale act as secondary enablers
that enhance generalization without fundamentally altering
policy reliability.

4.5. Unified Theoretical Framework and
Empirical Validation

To connect architectural trends with their functional role
in robotic behavior, we develop an information-theoretic
framework describing how deeper fusion hierarchies en-
hance decision confidence and task stability in VLA sys-
tems. As shown in Fig. 13, progressively structured multi-
modal fusion reduces uncertainty in action generation and
strengthens the coupling between perception, language, and
control, producing more coherent and reliable robot behav-
ior.

To explain why deeper and more structured fusion archi-
tectures improve the empirical results reported in Sec. 4.4,
we introduce an information-theoretic formulation that quan-
tifies how multimodal representations progressively reduce
uncertainty in robotic action generation. Let V', L, and .S
denote the visual, linguistic, and proprioceptive modalities,
{Z,} le the latent fusion layers, and A the executed actions.
Each fusion layer integrates sensory and semantic cues to
form an updated belief about the appropriate control action.
The contribution of each fusion stage is expressed as the
entropy reduction over the action distribution:

AH,=H(A| Z,_)- H(A| Z,),

< (5)
Z AH, = H(A)— H(A | Z).

k=1
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Figure 12: Latent factor structure underlying VLA model
performance. Factor 1 (Architecture) exhibits the strongest
loadings on vision and language model scale as well as fusion
depth, indicating that architectural complexity primarily drives
cross-model variance. Factor 2 (Scale) reflects dataset and
modality diversity, while Factor 3 (Performance) captures
residual variance associated with fusion efficiency and task dif-
ficulty. Together, these latent dimensions reveal how structural
capacity, data richness, and task complexity jointly shape VLA
success.

where H(-) denotes Shannon entropy of the robot’s action
policy. AH, measures how much uncertainty is removed
when moving from fusion layer Z,_, to Z,.. A larger cumu-
lative ), AH, indicates that the robot’s internal representa-
tion increasingly constrains the action space, enabling more
confident control decisions, particularly in long-horizon,
contact-rich manipulation where uncertainty must be min-
imized.

We further define an efficiency measure that normalizes
information gain by the computational resources required at
each layer:

_I(Z,V,L,S)-1(Z_;V,L,S)

FLOPs, ©

Nk
where I(-;-) represents mutual information between the
fused latent state and the input modalities, and FLOPs, is the
computational cost at fusion layer k. This ratio reflects how
effectively each layer converts perception-language correla-
tion into useful control information per unit cost. Higher 7,
values, especially in hierarchical fusion, imply more efficient
cross-modal binding: the robot learns to align semantic
instructions with geometric affordances and proprioceptive
feedback without redundant computation.

Finally, we define a fusion-energy measure that quanti-
fies how much multimodal coupling improves policy likeli-
hood compared to unimodal baselines:

Efusion =E [_logpfull(A | V.L, S)+10gpablated(A | V.L, S)] >

)

where pg,;; and p,p.q denote the action likelihoods under
full and reduced-modality models, respectively. A higher
E¢gion implies stronger information integration, resulting
in more stable policy updates and fewer cascading control

failures during execution. Empirically, diffusion and flow-
based decoders maximize this functional, confirming that
deeper hierarchical fusion architectures increase both rep-
resentational richness and task-level reliability. The details
about how these quantaties are computed is explained in
Appendix C

These quantities, AH, #,, and Ej.,, form a unified
theoretical perspective linking architecture design to manip-
ulation success: robots act more reliably when visual percep-
tion, language constraints, and contact feedback are fused
repeatedly throughout the control hierarchy. They explain
why hierarchical architectures work by repeatedly reducing
uncertainty, maximizing cross-modal efficiency, and opti-
mizing energy integration, producing more coherent and ro-
bust robotic actions in complex manipulation environments.

Fig. 13 visualizes these theoretical quantities across di-
verse VLA architectures. Fig. 13-(a) shows that hierarchical
fusion achieves the greatest entropy reduction (A H}), vali-
dating that deeper multimodal coupling progressively con-
strains the action distribution and improves execution stabil-
ity. Fig. 13-(b) depicts cross-modal attention efficiency (1),
where hierarchical models generate higher and more consis-
tent efficiency, aligning semantic intent with geometric and
proprioceptive cues more effectively and at lower computa-
tional cost. Fig. 13-(c) demonstrates that the fusion-energy
functional (Eq;,,) correlates with normalized task success,
confirming that increased multimodal coupling enhances
policy likelihood and trajectory stability. Together, these
results empirically substantiate the proposed information-
theoretical formulation: deeper hierarchical fusion reduces
uncertainty, enhances representational efficiency, and im-
proves energy performance trade-offs, leading to more ro-
bust and reliable robotic actions in real-world manipulation
tasks.

5. Datasets for Multi-Modal Fusion

The foundation of VLA models lies in high quality,
diverse training datasets. These datasets are crucial as they
expose models in the complete range of real and simulated
environments, ensuring a tight alignment of visual elements,
natural language instructions, and control (James et al.,
2020). These datasets allow VLAs to learn complex cross-
modal correlations, such as how language complexities (e.g.,
"gently place’) affect motion smoothness without relying on
manually prepared heuristics. We first introduce the unified
dataset schema that underlies the VLA training pipelines,
then survey the most influential public datasets, and finally
apply a comprehensive benchmarking strategy to assess the
scale, modality coverage, and complexity of each dataset.

5.1. Dataset Format

Structured overview of the general dataset format com-
monly used in VLA training pipelines. is illustrated in
Fig. 14. It highlights the systematic organization of multi-
modal data into three primary streams: visual, language, and
action/control, which collectively facilitate the training and
evaluation of VLA models.
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Figure 13: Quantitative visualization of fusion dynamics across VLA model architectures. (a) Entropy reduction (AH,) increases
from early to late and reaches its highest values in hierarchical fusion, indicating progressive uncertainty reduction in action
selection. (b) Cross-modal attention efficiency (5,) measures information gain per computational cost, showing that hierarchical
fusion achieves higher and more consistent efficiency compared with early or late fusion. (c) Fusion energy (Ej,o,) correlates
strongly with normalized task success, confirming that architectures with greater multimodal coupling yield higher policy likelihood

and more stable robotic performance.
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Figure 14: Schematic of the unified VLA training data format.
Visual observations, language instructions, and action/control
signals are grouped into episode directories and serialized into
standardized storage formats (JSON, TFRecord, and HDF5),
enabling efficient and scalable data loading for end-to-end
model training.

The Visual Streams comprise raw RGB frames, video
snippets, and optionally, depth maps and segmentation
masks. These visual inputs provide essential spatial and
contextual data to perception modules in VLA architectures.
Typically, the data in this stream is stored in standard image
or video formats like JPEG or PNG for individual frames
and MP4 or similar formats for video snippets.

The Language Streams incorporate natural-language
instructions or dialogues alongside tokenization metadata
(such as token offset). These textual annotations are essential
for instructing and conditioning robotic actions and are
commonly stored in lightweight, structured formats such
as JSON or plain text files. The presence of tokenization

metadata facilitates efficient textual processing, enabling
direct integration with transformer-based language models.

The Action/Control Labels include discrete action to-
kens (e.g. categorical commands like "move forward" or
"turn left") and continuous control vectors representing joint
positions or end-effector trajectories. These action labels
provide explicit supervision signals for model output and
are typically stored as NumPy arrays or encoded within
structured data containers.

All three modality streams are systematically integrated
into standardized episode-level directories (e.g., episode/),
where visual data reside in subdirectories such as rgb/
and depth/, accompanied by lang.json, actions.npy, and
states.npy. Each episode folder can then be serialized in
formats like: JSON for lightweight, human-readable meta-
data; TFRecord/TF-Example for high-throughput, sharded
training; or HDF5 for efficient random access to synchro-
nized frames, actions, and state arrays, enabling balance
readability, I/O performance, and scalability in their training
pipelines.

5.2. Major VLA Datasets

Table 2 summarizes the progress of VLA datasets, high-
lighting how each dataset advances autonomy by varying
in scale, modality, and task complexity. Early collections
such as EmbodiedQA and R2R focus on discrete deci-
sion making in constrained environments, offering simple
state-action mappings suitable for evaluating baseline policy
architectures (e.g., PACMAN, Speaker-Follower). As we
move into 2020-2022, datasets like ALFRED, RLBench, and
CALVIN introduce longer-horizon tasks and richer sensory
streams combining RGB, depth, proprioception, and natural
language instructions to stress test hierarchical planning and
subgoal decomposition methods (e.g., C2F-ARM, VIMA,
RT-2). These mid-generation datasets bridge the gap be-
tween symbolic planners and end-to-end learning, enabling
comparative analyses of model-based control versus learned
policies under simulated dynamics.
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Table 2: Overview of main VLA datasets used in robotic manipulation and embodied Al research. For each dataset, we list
the release year, dataset size, distinctive characteristics, and the data storage format.

Dataset

Size

Distinctive Characteristics

Data Format

EmbodiedQA (Das et al.,
2018)

R2R (Anderson et al., 2018)

ALFRED (Shridhar et al.,
2020)

RLBench (James et al., 2020)

CVDN (NDH) (Thomason
etal., 2019)

TEACh (Padmakumar et al.,
2021)

DialFRED (Gao et al., 2022a)

Ego4D (Grauman et al.,
2022)

CALVIN (Mees et al., 2022)

DROID (Khazatsky, 2024)

Open X-
Embodiment (Collaboration
et al., 2025)

RoboSpatial (Song et al.,
2025a)

CoVLA (Arai et al., 2024)

TLA (Hao et al., 2025)

BridgeData V2 (Walke et al.,
2023

LIBERO (Liu et al., 2023)

Kaiwu (Jiang et al., 2025)

PLAICraft (He et al., 2025)

AgiBot World (Bu et al.,
2025)

Robo360 (Liang et al., 2023)

REASSEMBLE (Sliwowski
et al., 2025)

RoboCerebra (Han et al.,
2025)

IRef-VLA (Zhang et al.,
2025¢)

Interleave-VLA (Fan et al.,
2025)

RoboMM (Yan et al., 2024)

ARIO (Wang et al., 2024b)

5,000+ QA episodes across
7504+ 3D scenes

7,189 unique paths with
21,567 natural  language
instructions

8,055 expert demonstrations
with 25,743 language direc-
tives

Expert demonstrations avail-
able for 100 vision-based ma-
nipulation tasks

7,415 navigation-from-
dialog-history instances from
2,050 dialogs

3,047 successful two-agent
gameplay sessions

53,000+  human-annotated
QA pairs across 34,000+
tasks

3,670 h of first-person video

5,000+ demonstrations

76k  demonstrations; 564
scenes, 86 tasks

1M+ trajectories, 500+ skills,
22 robot types

1M images, 5K 3D scans, 3M
spatial QA pairs

83.3 h real-world driving
video, 6M frames

30K contact-rich peg-in-hole
demonstrations

60,096 trajectories (50,365
teleoperated; 9,731 scripted)

130 tasks: 10 spatial, 10 ob-
ject, 10 goal, 100 lifelong

IM  multimodal  robotic
episodes

10,000 + hours of multiplayer
Minecraft gameplay across 5
modalities

IM+ multimodal dual-arm
trajectories

2K+ real trajectories, 86 cal-
ibrated views, 100+ diverse
objects

4,551 contact-rich demonstra-
tions, 17 objects, 781 minutes

100K long-horizon trajecto-
ries across 1K+ tasks

11.5K rooms, 7.6M spatial re-
lations, 4.7M instructions

210K episodes (13M frames)

30K simulated episodes + 5K
real-world trials
50K simulated episodes + 5K
real-world trials

Goal-directed visual question answering
in House3D with object and room diver-
sity

Real-world vision-language navigation
using Matterport3D with path diversity
and crowd-sourced instructions

Language-conditioned household ma-
nipulation tasks in AI2-THOR 2.0 across
120 indoor scenes

Large-scale few-shot and imitation
learning  benchmark in  PyRep
simulation

Vision-and-Dialog Navigation bench-
mark requiring agents to act based on
dialog history

Multiturn dialog-driven household task
completion in AI2-THOR

Dialogue-enabled embodied instruction
following on augmented ALFRED sub-
goals

Large-scale, real-world  egocentric
dataset with diverse scenarios and
modalities

Long-horizon,  language-conditioned
robotic manipulation tasks

High-diversity ~ language-conditioned

robot manipulation

Large-scale, multi-embodiment, multi-
skill manipulation dataset

2D-3D paired spatial reasoning dataset

Time-aligned
dataset

vision-language-action

Tactile-language-action alignment for
precise insertion and assembly

Multi-skill ~ goal- and language-
conditioned manipulation dataset

Lifelong VLA benchmark for procedural
and declarative knowledge transfer
Real-world, multi-embodiment dataset
for dexterous manipulation with natural
language commands

Open-ended multiplayer interaction with
emergent task structures and voice-
aligned social play

Open-source platform for long-horizon
generalist policy learning

Multimodal dataset for dynamic NeRF,
imitation learning, and control

Multimodal (RGB, audio, event, force/-
torque, proprioception)

System-2-level reasoning and general-
ization in real-world-scale settings

Imperfect referential grounding in 3D
indoor scenes

Interleaved vision-language instruction
execution

Multimodal fusion of vision, language,
proprioception, and touch

Contact-rich manipulation with tactile,
audio, and proprioceptive feedback

JSON-formatted question-answer pairs, egocentric
RGB frame sequences, and agent trajectories

JSON files with instructions and navigation paths;
panoramic JPEG frames and viewpoint graph metadata

Per-demonstration folders with egocentric RGB frames,
ground-truth interaction masks, and language annota-
tions; metadata and action/state sequences in JSON
format

Pickled demos include joint_positions, camera_images,
task_description, and proprioceptive states.

JSON annotations with dialog turns, navigation paths,
image features, and speaker roles

JSON transcripts aligned to visual frames, with ego-
centric RGB, object masks, action logs, and benchmark
CSV splits

Per-task dialogue.json with human and oracle QAs,
action traces, subgoal templates, and frame alignment

MP4 video clips; JSON-based narrations and anno-
tations; HDFS/LMDB indices; multilingual narration
files.

HDFS5 archives with synchronized RGB-D frames, pro-
prioception, action sequences, and natural language in-
structions.

RLDS-formatted RGB-D data, stereo video, camera cal-
ibrations, language annotations, and robot state/action
logs.

Sharded TFRecords with RGB/depth frames, language
instructions, action vectors; YAML metadata and RLDS
format.

RGB images, 3D scans, and relational graph annotations
in support of spatial understanding benchmarks.
Synchronized RGB video, GPS/IMU-based trajectories,
and auto-generated captions using rule-based and VLM
methods.

ROS bag files with synchronized camera/, tactile/,
lang. json, and trajectory.csv recordings.

TFRecords with RGB images, natural language instruc-
tions, and continuous 7-DoF action vectors; includes
both human and scripted demonstrations.

JSON and Parquet files with RGB images, language in-
structions, action trajectories, and structured metadata.
Per-episode HDFS files with synchronized RGB, depth,
3D skeletons, tactile, EMG, gaze, IMU, audio, lan-
guage, and motion capture data.

JSON-encoded multimodal streams (RGB, audio, key-
board, mouse) with millisecond alignment

ROS-based: RGB-D, fisheye, tactile, proprioception,
language, error annotations, and dexterous control logs.
Synchronized RGB videos, depth maps, audio, robot
proprioception, and control signals per frame.

Synchronized multistream recordings from RGB cam-
eras, event camera, microphones, force/torque sensors,
and proprioceptive signals, collected during haptically
teleoperated assembly and disassembly tasks based on
NIST benchmark boards.

Structured plan logs, visual transitions, failure anno-
tations, and dense subtask labels from human-verified
demonstrations and multi-stage task generation.

Per-room scene graphs, free-space maps, and affor-
dance annotations with synthetic and imperfect lan-
guage queries.

Mixed-format episodes with images, sketch overlays,
and text prompts aligned with action sequences.

HDF5 per episode with rgb/, depth/, tactile.csv,
instructions. json, and action_sequence. json.
Per-episode HDF5 archives with rgb/,
depth/, tactile.csv, instructions. json, and
action_sequence. json.
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From 2023 onward, the field shifts to truly multimodal
control challenges. Datasets such as DROID and Open X-
Embodiment embed synchronized RGBD, language, and
multi-skill trajectories, facilitating evaluation of sensor fu-
sion strategies and real-time feedback controllers. Large-
scale egocentric corpora like Ego4D and CoVLA offer
real-world visual streams that drive research on robust
perception-action loops under unpredictable dynamics. Re-
cent contact-rich datasets such as ARIO, TLA, RoboMM,
and REASSEMBLE integrate high-frequency haptic and
force/torque feedback alongside vision and language, en-
abling fine-grained impedance control and hybrid model-
predictive schemes for deformable-object manipulation.
Highly multimodal and large-scale datasets such as Kaiwu,
PLAICraft, AgiBot World, and Robo360 support open-
ended, long-horizon, and real-world tasks with diverse sen-
sor suites including tactile, audio, proprioceptive, and multi-
view data. By standardizing annotation formats (HDF5 bun-
dles, ROS bags, TFRecords) and pairing each collection with
representative baselines (e.g., SayCan, HapticBERT, MM-
FusionNet), Table 2 provides a detailed overview of these
datasets across a continuum of task complexity, modality
richness, and real-world fidelity.

5.3. Benchamrk VLA Datasets

In order to benchmark, we map each major VLA dataset
onto a two-dimensional plane spanned by task complexity
and modality richness, illustrated in Fig. 15. The x-axis
captures how challenging each dataset’s manipulation tasks
are, ranging from simple single-step actions to long-horizon,
multiskill sequences. The y-axis shows the modality rich-
ness, from minimal (dual modalities: text and image) to com-
prehensive (up to seven modalities including audio, video,
robot proprioception, control, depth, haptics, and language).

To quantify these dimensions systematically, we assign
scalar scores to each dataset reflecting their task complexity
and modality richness. Task complexity, denoted as C;
incorporates:

ask>

e Average number of low-level actions per episode (T').
This captures how many primitive control commands
are grouped together in a typical task (e.g., grasp, lift,
move).

e Number of distinct high-level skills (.5). This enumer-
ates different semantic subtasks (e.g., open drawer,
pick object).

e Degree of sequential task dependency (D). This de-
notes the fraction of tasks that require strict ordering
of subtasks; D € [0, 1].

e Linguistic abstraction level (L). Quantifies the av-
erage linguistic complexity (e.g., vocabulary size or
syntactic depth) of the instruction set; L € R™.

These attributes are integrated via the following weighted
model:

Ctask(D) =ap 10g(1 + T) + 0!25 + (X3D + Of4L, (8)

where @; > O for i = 1,...,4 are weights that normalize
each term to commensurate scales and can be tuned to reflect
the emphasis on action length, skill diversity, sequential
structure, or language complexity. For our benchmark, we
set all weights equal to one.

Modality richness, captured by the score C, 4, integrates
four factors reflecting the scope and quality of sensory input:

e Number of distinct modalities (M), Such as vision,
depth, haptics, and language.

e Mean quality O = % Z,]Zl Q,,» Where Q,, fori =
1,..., M are the modality-specific quality scores. Q,,
can be determined by expert annotation, automated
signal-to-noise ratio analysis, or based on dataset
documentation and previous benchmark studies. For
this work, we use a mixture of empirical review
and published specifications to assign scores in the
range [0.6, 0.95], reflecting the typical range of public
datasets.

e Fidelity of temporal alignment across modalities (A),
Measures how tightly modalities are synchronized
(e.g., frame-accurate vision-language pairing), with
Ae[0,1].

e Presence of reasoning-critical modalities (R): Such as
object masks or scene graphs that enable higher-level
reasoning, R € {0, 1}.

This scoring mechanism is formalized as:
Cmodza)lM+(l)2Q+a)3A+(D4R, (9)

where modality sensitivity weights w; > O fori = 1,...,4
tune the relative importance of modality count, signal qual-
ity, temporal alignment, and reasoning-enabled annotations.
For our benchmark, we set all weights equal to one.

Finally, to allow direct comparison across heterogeneous
benchmarks, both raw scores are normalized. Task complex-
ity to a standardized [1, 5] scale and modality richness to a
[2, 5] scale. This mapping ensures interpretability: datasets
with the lowest complexity or modality richness receive
a score of 1 or 2 (Very Low/Minimal) and the highest
receive 5 (Very High/Comprehensive), with intermediate
values reflecting proportional positioning. The bubble size
then encodes the relative dataset scale (e.g., number of
episodes or hours), providing an at a glance summary of
both range and comprehensiveness across the leading VLA
benchmarks.

The resulting visualization effectively categorizes datasets,
while it also highlights critical gaps in current benchmark,
offering notably the underrepresented region combining
highly complex tasks with extensive multimodal integration.
This gap underscores a promising direction for future dataset
development aimed at advancing truly generalist robotic
agents capable of complex, real-world perception and plan-
ning.
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Figure 15: Benchmarking VLA Datasets by Task Complexity and Modality Richness. Each bubble represents a VLA dataset,
positioned according to its normalized task-complexity score (x-axis) and its modality-richness score (y-axis). The bubble area is
proportional to the dataset scale that is number of annotated episodes or interactions.

5.4. Benchmarking Analysis

Fig. 15 shows that most current VLA benchmarks are
concentrated within a task complexity range from very low
to high on the x-axis and span from minimal to rich modality
along the y-axis. Early navigation and QA datasets like
EmbodiedQA, R2R, and RoboSpatial are characterized by
their very low complexity and minimal modality, reflecting
simple, discrete decision-making in constrained environ-
ments. In contrast, mid-generation collections such as RL-
Bench, TEACh, Ego4D, CVDN, and RoboCerebra, tend to
feature low to moderate complexity with moderate modality
richness, often focused on navigation, imitation, or basic
manipulation tasks involving a limited number of modalities.

As the field evolves, datasets such as ALFRED, Di-
alFRED, CoVLA, Interleave-VLA, RoboData, and RE-
ASSEMBLE have moved into the medium-complexity, rich-
modality region by incorporating additional sensory streams
like depth, language, and proprioceptive signals, enabling
more sophisticated evaluation of policy learning and multi-
step planning. In particular, a small subset of datasets,
including Iref-VLA, Robo360, TLA, CALVIN, and Open X-
Embodiment, simultaneously achieve high task complexity
and rich modality, each with a particular focus. Robo360 on
multiview real-robot visual fidelity, Iref-VLA on referential
grounding in 3D scenes, TLA on tactile-language-action
alignment for contact-rich assembly, CALVIN on long-
horizon language-conditioned robotic manipulation, and
Open X-Embodiment on multirobot, multiskill demonstra-
tions at scale.

The only dataset positioned at the extreme of both axes
is Kaiwu, which achieves very high task complexity along-
side the most comprehensive modality richness, integrat-
ing vision, depth, language, proprioception, haptics, and
additional streams. Meanwhile, AgiBot World stands out
in the very high complexity quadrant while exhibiting just
moderate modality diversity, emphasizing large-scale, long-
horizon dual-arm tasks rather than maximal sensor integra-
tion. This disparity highlights a critical gap: current VLA

benchmarks do not yet fully integrate the challenges of long-
horizon, multi-skill control with exhaustive multimodal in-
put (vision, depth, language, proprioception, haptics, audio,
and scene graphs). Without such datasets, the development
of robust and generalist robotic agents remains limited.
Future efforts should therefore focus on the upper right
quadrant of the landscape, creating new VLA benchmarks
that maximize both task difficulty and multimodal diversity
to accelerate progress toward general-purpose embodied
intelligence.

6. Simulation Tools

Simulation environments have become essential for
VLA research, offering scalable, repeatable, and extensively
annotated data at orders of magnitude greater than what
is feasible in the physical world. Modern platforms such
as AI2-THOR, Habitat, and NVIDIA Isaac Sim provide
high-precision physics, realistic rendering, and customiz-
able multimodal sensors ranging from RGBD cameras,
force/torque and tactile probes, to proprioceptive encoders
and language interfaces all configurable at fine temporal
resolutions. Using procedural scene generation, randomized
object properties, and scripted agent behaviors, simulators
enable the automated synthesis of hundreds of thousands
of trajectories, complete with ground truth annotations
for object poses, semantic maps, action sequences, and
natural language instructions. Crucially, built-in toolkits
for scenario scripting and domain randomization facilitate
systematic studies of generalization under varied lighting,
object geometries, and task orders, while lightweight GPU
accelerated backends support rapid iteration of new dataset
designs. Together, this ecosystem of VLA simulators ac-
celerates the co-development of control algorithms and
benchmark datasets, ensuring that advances in multimodal
perception, language grounding, and closed-loop planning
can be evaluated and refined in a controlled, reproducible
framework before deployment on real robotic platforms.
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Table 3: Overview of simulation platforms commonly used for generating and evaluating VLA datasets. The table summarizes
each simulator’s supported sensory modalities, primary use cases, core capabilities, and the datasets that rely on them. These
tools span diverse domains such as photorealistic indoor navigation, dexterous manipulation, and large-scale reinforcement
learning, with varying degrees of physics realism.

Simulator

Modalities

Use Cases

Capabilities

Datasets

AI2-THOR (Kolve et al.,
2017) [link]

Habitat (Savva et al., 2019)
[link]

NVIDIA Isaac
Sim (NVIDIA
Corporation) [link]

Gazebo (Koenig and
Howard, 2004) [link]

PyBullet (Coumans and
Bai, 2016) [link]

CoppeliaSim (Rohmer
et al., 2013) [link]

Webots (Michel, 2004)
[link]

Habitat (Savva et al., 2019)
[link]

NVIDIA Isaac
Sim (NVIDIA
Corporation) [link]

Gazebo (Koenig and
Howard, 2004) [link]

PyBullet (Coumans and
Bai, 2016) [link]

CoppeliaSim (Rohmer
et al., 2013) [link]

Webots (Michel, 2004)
[link]

Unity ML-Agents (Juliani
et al., 2018) [link]

MulJoCo (Todorov et al.,
2012) [link]

iGibson (Xia et al., 2020)
[link]

UniSim (Yang et al., 2023)
[link]

SAPIEN (Xiang et al.,
2020) [link]

RGB, depth, semantic/instance
segmentation, object states

RGB, depth, semantic segmenta-
tion, agent pose

RGB, depth, LiDAR,
semantic/instance segmentation,
bounding boxes, point clouds,
physics  states, force/torque,
event camera

RGB, depth, LiDAR, IMU, joint
states, force/torque, contact, GPS

RGB, depth, contact forces, joint
states

RGB, depth, joint states, force/-
torque sensors, proximity sensors

RGB, depth, sound, GPS
AI2-THOR (Kolve et al., 2017)
[link]

RGB, depth, semantic segmenta-
tion, agent pose

RGB, depth, LiDAR,
semantic/instance segmentation,
bounding boxes, point clouds,
physics  states, force/torque,
event camera

RGB, depth, LiDAR, IMU, joint
states, force/torque, contact, GPS

RGB, depth, contact forces, joint
states

RGB, depth, joint states, force/-
torque sensors, proximity sensors

RGB, depth, sound, GPS, prox-
imity, IMU, lidar, joint states

RGB, depth, raycasts, physics
states

Joint positions, contact forces,
kinematics, RGB

RGB, depth, semantic & in-
stance masks, object poses, con-
tact forces

RGB, depth, proprioception,
haptics, audio
RGB, depth, segmentation

masks, contact forces, articulated
object states

Embodied navigation, object manip-
ulation

Vision-language navigation, embod-
ied QA, point-goal navigation

RL & control, sim-to-real transfer,
synthetic dataset generation, embod-
ied Al, multi-robot simulation, dig-
ital twin, warehouse & industrial
robotics

Control algorithm development,
multirobot coordination, sim-to-real
transfer, embodied navigation and
manipulation

RL, robotic manipulation prototyp-
ing, physics-based simulation

Multi-robot  coordination,  task
scripting, manipulation, education

RGB, depth, semantic/instance seg-
mentation, object states

Vision-language navigation, embod-
ied QA, point-goal navigation

RL & control, sim-to-real transfer,
synthetic dataset generation, embod-
ied AI, multi-robot simulation, dig-
ital twin, warehouse & industrial
robotics

Control algorithm development,
multirobot coordination, sim-to-real
transfer, embodied navigation and
manipulation

RL, robotic manipulation prototyp-
ing, physics-based simulation

Multi-robot  coordination,  task
scripting, manipulation, education

Mobile navigation, multi-robot and
swarm robotics, manipulation, edu-
cation

Reinforcement & imitation learning,
interactive tasks

Continuous control, dynamics learn-
ing, RL research

Interactive navigation,
manipulation, semantic reasoning

Multi-modal dataset generation,
multi-agent coordination,

manipulation, navigation

Deformable and articulated object
manipulation, semantic reasoning,
dexterous grasping

Photorealistic indoor scenes; procedural
scene generation; physics-based objec-
t/agent interaction; built-in interaction
APIs; language and task integration

Photorealistic, high-performance ren-
dering; large-scale 3D scene support;
modular sensor and agent APIs

Physically accurate PhysX dynamics;
RTX-accelerated photorealistic
rendering; procedural scene generation;
domain randomization; noise models;
ROS/ROS2 and Python API; cloud
deployment

Open-source; plugin-based
extensibility; realistic multi-physics
engines; ROSI/ROS2 integration;
multi-robot, multi-sensor support

Real-time physics; Python APIL
cross-platform; easy scripting; supports
robotics and VR

Multiple built-in physics engines; re-
mote APIs (Python, ROS, C++); graph-
ical scene editor; flexible scripting

Embodied navigation, object manipula-
tion Photorealistic indoor scenes; pro-
cedural scene generation; physics-based
object/agent interaction; built-in inter-
action APIs; language and task integra-
tion

Photorealistic, high-performance ren-
dering; large-scale 3D scene support;
modular sensor and agent APIs

Physically accurate PhysX dynamics;
RTX-accelerated photorealistic
rendering; procedural scene generation;
domain randomization; noise models;
ROS/ROS2 and Python API; cloud
deployment

Open-source; plugin-based
extensibility; realistic multi-physics
engines; ROSI/ROS2 integration;
multi-robot, multi-sensor support

Real-time  physics; Python API
cross-platform; easy scripting; supports
robotics and VR

Multiple built-in physics engines; re-
mote APIs (Python, ROS, C++); graph-
ical scene editor; flexible scripting

Cross-platform; extensive sensor and
actuator models; GUI scenario/world
design; ROS integration; physics-based
simulation

Unity engine visual fidelity; Python/C#
APIs; curriculum learning

High-speed simulation; accurate con-
tact and soft body modeling; analytic
gradients

Photorealistic dynamic scenes; real-
world scene reconstructions; interactive
objects and agents

Unified multi-sensor API; scalable
cloud-native simulation; plugin-based
extensibility; support for real and
simulated sensor data

High-fidelity GPU-based physics; real-
time dynamic simulation; Python API;
large-scale articulated object library

ALFRED (Shridhar et al.,
2020), TEACh (Padmaku-
mar et al.,, 2021), Dial-
FRED (Gao et al., 2022b)

R2R (Anderson et al.,
2018), CVDN (Thomason
et al., 2019),
EmbodiedQA (Das et al.,
2018)

Open X-Embodiment (Col-
laboration et al.,, 2025),
Isaac Gym, RLBench, cus-
tom synthetic datasets

RoboSpatial (Song et al.,
2025a)

QUAR-VLA (Chen et al.,
2024), various custom RL/-
manipulation datasets

RLBench (James et al.,
2020), CALVIN (Mees
etal., 2022)

ALFRED (Shridhar et al.,
2020), TEACh (Padmaku-
mar et al., 2021), Dial-
FRED (Gao et al., 2022b)

R2R (Anderson et al.,
2018), CVDN (Thomason
et al., 2019),
EmbodiedQA (Das et al.,
2018)

Open X-Embodiment (Col-
laboration et al., 2025),
Isaac Gym, RLBench, cus-
tom synthetic datasets

RoboSpatial (Song et al.,
2025a),

QUAR-VLA (Chen et al.,
2024), various custom RL/-
manipulation datasets

RLBench (James et al.,
2020), CALVIN (Mees
et al., 2022)

AgiBot World (Bu et al.,
2025)

Used in custom RL and
navigation datasets (e.g.,
Obstacle Tower, RoomNav,
MiniWorld);

Meta-World (Yu et al,
2020), RoboSuite (Zhu
et al,, 2020), custom RL
benchmarks

iGibson v1/v2 (Xia et al.,
2020)

UniSim-VLA (Yang et al.,
2023)

DexGraspNet (Wang et al.,
2023), TLA (Hao et al,
2025)
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Figure 16: Cross-domain decoder performance analysis showing normalized success rate and generalization index across humanoid,
manipulation, and navigation tasks for major decoder families; comparison of diffusion-based decoders versus all other types.
Results demonstrate that diffusion decoders consistently achieve higher success and maintain competitive generalization across
domains, highlighting their robustness for temporally coherent, cross-modal control.

Table 3 summarizes the current state-of-the-art simu-
lation platforms used for the generation of VLA datasets.
The table lists four essential aspects for each simulator:
the Modalities of sensors it offers, the main Use Cases it
supports, its fundamental technical Capabilities, and the rep-
resentative Datasets that are based on it. This unified view
allows researchers to directly compare engines based on their
multi-modal sensor suite, physics accuracy, scalability, and
integration with language and control APIs.

In the first column, platforms such as AI2-THOR and
Habitat provide photorealistic RGB, depth, and semantic
streams, making them ideal for embodied navigation and vi-
sual question answering benchmarks (e.g., ALFRED, R2R,
EmbodiedQA, CVDN). Middle entries like NVIDIA Isaac
Sim and Gazebo deliver advanced LiDAR, IMU, force/-
torque, and multi-robot support crucial for large-scale re-
inforcement learning, sim-to-real transfer, and multi-agent
coordination, as in Open X-Embodiment and RoboSpatial.
Contact-rich simulators including PyBullet, CoppeliaSim,
MuJoCo, and SAPIEN enable precise force, torque, and
haptic feedback, powering dexterous manipulation datasets
such as DexGraspNet, CALVIN, and TLA. Emerging plat-
forms (Unity ML-Agents, RoboSuite, IsaacGym, UniSim)
highlight capabilities such as GPU-parallel rollout, cloud-
native simulation, and unified multi-sensor APIs, enabling
the creation of next-generation VLA datasets with millions
of diverse trajectories spanning vision, language, touch, and
audio. The table provides an essential reference by mapping
these four aspects across fifteen simulators: it assists in
choosing the optimal backend for dataset generation, clar-
ifies the trade-offs between rendering quality and processing
speed, and identifies gaps where enhancements in simulator
features could facilitate more detailed VLA benchmarks. In
addition to Table 3, we also provide a capability matrix that
compares sensor synchronization fidelity, physics realism,
and multimodal annotation consistency across simulators to
guide VLA dataset generation.

6.1. Simulator Capability Comparison

The suitability of a simulator for VLA data generation
depends strongly on three practical dimensions. Sensor syn-
chronization captures how reliably RGB, depth, LiDAR,
proprioception, and force/torque streams are timestamped
and aligned (frame-rate stability, cross-sensor jitter, and
temporal drift). Physics realism reflects the accuracy of con-
tact dynamics, friction, compliance, and articulated motion,
critical for dexterous manipulation and sim-to-real transfer.
Multi-modal annotation consistency assesses whether sim-
ulators can produce frame-synchronized logs (object poses,
masks, actions, and language metadata) that remain aligned
without drift over long sequences.

To support consistent comparison across platforms, we
assign each simulator a qualitative rating, High (H), Medium
(M), or Low (L) based on three criteria used throughout
our survey: (i) published benchmarks and documentation
on timing, physics, and export accuracy, (ii) empirical evi-
dence from commonly used VLA and RL datasets generated
in the simulator, and (iii) practical constraints reported in
prior works (e.g., frame jitter, annotation drift, or inaccurate
contacts). An “H” rating corresponds to strong alignment
and high-fidelity performance with minimal drift or failure
modes; “M” indicates adequate but imperfect support that
may require custom tooling; and “L” denotes limited or
inconsistent support for the given axis.

Different simulators excel in different regions of this
space: photorealistic platforms (AI2-THOR, Habitat) benefit
perception and language grounding but may be throughput-
limited; contact-oriented engines (MuJoCo, SAPIEN) suit
manipulation; multi-sensor/multi-robot platforms (Isaac Sim,
Gazebo) support embodied integration and ROS pipelines;
and massively parallel roll-out platforms (Isaac Gym, Py-
Bullet) scale data generation but may widen domain gaps.
The capability matrix below summarizes these trade-offs.

6.2. Limitations for large VLA data generation
Despite their strengths, current simulators exhibit sev-
eral limitations for high-quality VLA dataset creation. (i)
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Table 4

Simulator capability matrix. Columns denote: Sync: sensor
synchronization fidelity; Phys.: physics realism; Annot.: mul-
timodal annotation consistency; Multi: multi-robot support;
Notes: key features for VLA data generation. Ratings: H =
High, M = Medium, L = Low.

Sim Sync Phys. Anno Multi Notes
Al2- M M M M Photorealistic scenes; strong for
THOR vision—language tasks; GPU-heavy.

Habitat M M M M Fast rendering; large indoor scenes;
VLN/VQA; export needs extra tools.
Isaac H H H H PhysX+RTX; rich
Sim ROS/ROS2;  strong

and sim-to-real.

SENSOors;
multi-robot
Gazebo M M M H Open-source; broad sensors; strong
multi-robot; annotation varies.

Fast physics; easy scripting; widely
used for RL; moderate realism.
Multi-physics; remote APls; basis for
RLBench/CALVIN datasets.
Accurate contacts; fast; external

PyBullet M M M M
Coppelia M M M M

MuJoCo M H M L-

M tools required for multimodal anno-
tation.
SAPIEN M H M- M GPU physics; articulated objects;
H good for dexterity tasks.
Unity M M M M High-fidelity visuals; flexible editor;
ML- curriculum learning.
Agents

RoboSui M M M M Manipulation-focused; stable wrap-

pers; export depends on configura-

tion.

Isaac M M M M Massive GPU-parallel rollouts; high

Gym throughput; lower realism.

iGibson M M M L- Realistic reconstructions; interactive
M objects; export requires alignment.

Contact-rich physics: many engines rely on simplified fric-
tion and point-contact models, which lead to slip or unsta-
ble contacts in sim-to-real transfer. (ii) Realism—throughput
trade-offs: photorealistic renderers improve visual ground-
ing but reduce FPS, while lightweight backends scale roll-
outs but increase the domain gap. (iii) Language ground-
ing pipelines: most platforms lack native instruction-to-
behavior interfaces, requiring custom annotation toolchains
that fragment formats. (iv) Multi-robot variability: URD-
F/SDF import, controller scheduling, and synchronization
differ across platforms, complicating cross-robot pretraining
and reproducibility.

These limitations echo the broader challenges summa-
rized in Sec. 8.4 and highlight the need for unified, high-
fidelity simulators tailored for large-scale VLA data genera-
tion.

7. Cross-Domain Evaluation and Analysis of
VLA Models

This section presents a unified examination of how VLA
models perform and generalize across various robotic do-
mains. We begin by surveying the primary application ar-
eas where VLA architectures have demonstrated embodied
intelligence, ranging from dexterous manipulation to mobile
navigation and humanoid control, highlighting how architec-
tural and training choices shape multimodal grounding effi-
ciency. Building on this overview, we conduct a large-scale

cross-domain benchmarking and meta-analysis, comparing
encoder and decoder families in terms of normalized success
and generalization.

We then introduce the Vision Language Action Fusion
Evaluation Benchmark (VLA-FEB), a standardized quantita-
tive framework that integrates multimodal alignment, fusion
energy, real-to-sim transfer, and generalization metrics to
enable holistic performance assessment across architectures.
A systematically compiled Future Challenge Suite is pro-
posed to evaluate manipulation, navigation, reasoning, and
sim-to-real robustness using tasks widely available in open-
source simulators. Finally, a Transparent Fusion Analysis
view links interpretability and causality to safety and re-
liability, showing how attention attribution, counterfactual
testing, and entropy-based diagnostics can make embodied
autonomy both explainable and trustworthy. Together, these
components establish a comprehensive foundation for eval-
uating, comparing, and improving the next generation of
general-purpose VLA systems.

7.1. Cross-Domain Meta-Analysis of VLA
Performance

We extend our quantitative meta-analysis beyond ma-
nipulation to include VLA models evaluated in navigation
and humanoid robotic tasks. This analysis provides a unified
perspective on how architectural and dataset-level factors
jointly influence normalized success rates and generalization
indices across evaluated models. All metrics were standard-
ized via min-max normalization within each benchmark
family to ensure fair cross-domain comparison.
Fig. 16 analyzes component-level contributions. Diffusion
decoders dominate across the humanoid, manipulation, and
navigation domains, achieving both higher success and
generalization than other families. This demonstrates that
stochastic temporal modeling enhances action smoothness
and multimodal grounding in continuous control. The details
about the computation of the below plots are explained in
Appendix D.
Fig. 17 further compares major decoder families across all
domains combined. Diffusion-based decoders achieve the
highest normalized success, outperforming planner, autore-
gressive, and MLP variants. In terms of generalization, diffu-
sion and planner families show comparable indices, slightly
above MLP and autoregressive models. These results con-
firm that while diffusion policies achieve greater success
and stability in complex environments, simpler decoders can
still generalize efficiently under constrained control settings.
Overall, generative temporal models provide the most bal-
anced trade-off between accuracy and cross-domain gener-
alization.
Fig. 18 presents domain-specific results for both visual and
linguistic encoders using simplified groupings. Among vi-
sion encoders, SigLIP leads in humanoid and manipulation
domains, followed by DINOv2 and hybrid transformer vari-
ants such as Qwen Vision in navigation. ResNet and CLIP-
based encoders show moderate performance, indicating their
effectiveness in spatial grounding but weaker adaptation

First Author et al.: Preprint submitted to Elsevier

Page 22 of 43



Vision Language Action Models A Review

(a) Success Rate by Decoder Family

o
Y

o
w

Normalized Success
o
o

o
=

0.284

o
o

S e )
< e &
& ¢
&
&
7’0
Decoder Family

o
oS
S
&

Generalization Index

(b) Generalization Index by Decoder Family

0.4

o
w

o
N

o
s

0.219

0.0

Decoder Family

Figure 17: Decoder family comparison across all domains combined. Diffusion-based decoders achieve the highest success, while

MLP and autoregressive models generalize most broadly.
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Figure 18: Domain-specific encoder performance analysis across humanoid, manipulation, and navigation tasks. Each subplot
reports normalized success for vision and language encoder families. Transformer-based vision encoders (SigLIP, DINOv2, Qwen
Vision) outperform convolutional baselines, while instruction-tuned language models (GPT, T5, Qwen, LLaMA) achieve superior

multimodal grounding and cross-domain transfer.

to open-world settings. In general, transformer-based en-
coders demonstrate higher robustness and generalization
across robot embodiments.

For language models, GPT-based encoders achieve the
highest success in both humanoid and navigation domains,
while 75 and Qwen maintain strong manipulation perfor-
mance. LLaMA and Gemma/Gemini families achieve bal-
anced but slightly lower success, whereas compact or non-
instruction-tuned models (Phi, BERT) remain less effec-
tive in multimodal grounding. These results indicate that
instruction tuning and model scale, rather than size alone,
are crucial for effective cross-domain generalization.

Fig. 19 provides a comprehensive comparison of vision and
language encoders by combining all domains. Among visual
encoders, SigLIP achieves the highest success, followed by
LLaVA/VILA and Qwen-VL. Although CLIP and EfficientNet
yield lower success, they maintain moderate generaliza-
tion. This pattern indicates that transformer-convolutional
hybrids balance spatial precision with semantic abstraction.
For language models, 75/Flan and GPT-family encoders
achieve the highest success, while Gemma and LLaMA show
slightly lower success but stronger generalization. Compact
instruction-tuned LLMs such as Qwen also demonstrate
solid trade-offs between efficiency and transferability, out-
performing smaller text-only encoders (CLIP, Phi).
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Figure 19: Vision and language encoder family performance across all domains combined: success and generalization for visual
backbones and corresponding trends for language models. Results indicate that SigLIP, DINO, and mid-scale instruction-tuned
language models (T5, LLaMA, Qwen) provide the best balance between task success and generalization.

Collectively, these findings reveal several convergence-level
insights. Diffusion-based decoders dominate across domains
due to their temporal coherence and stochastic ground-
ing. Transformer-derived vision encoders (SigLIP, DINO,
ResNet) provide stable perceptual grounding, while convo-
lutional variants remain useful for local spatial precision.
Mid-scale, instruction-tuned language models (75, LLaMA,
QOwen) generalize effectively without extreme parameter
scaling.

This cross-domain benchmarking highlights consistent
trends across humanoid, manipulation, and navigation tasks:
diffusion-based decoders and transformer-driven encoders
achieve the most stable and generalizable performance.
While CNN backbones enhance spatial reasoning, trans-
former architectures dominate embodied perception, and
medium-scale instruction-tuned LLMs achieve optimal effi-
ciency and generalization balance. These results collectively
point toward a convergent trajectory in multimodal robotics,
where balanced architectures, generative temporal decoders,
and hierarchical fusion jointly drive robust, transferable
embodied intelligence.

7.2. VLA-FEB: Unified Benchmarking
Framework
To unify the evaluation of multimodal fusion in robotic
systems, we introduce the Vision Language Action Fusion

Evaluation Benchmark (VLA-FEB), a standardized protocol
that advances beyond qualitative comparison and establishes
quantitative metrics capturing the quality, efficiency, and
transferability of fusion processes. The benchmark evaluates
four complementary dimensions that jointly characterize a
model’s ability to ground perception and language into ef-
fective action. The first component, the Cross-Modal Align-
ment Score (CMAS), quantifies how consistently visual and
linguistic embeddings remain aligned during task execution:

CMAS = E[cos(fy. f1)] (10)

where f}, and f; denote latent visual and linguistic
representations extracted at each action step. A high CMAS
indicates that perceptual and instructional streams remain
semantically synchronized as the robot interacts with the
environment.

The second component, the Fusion Energy Index (FEI),
approximates the theoretical Ey,,, (Sec. 4.5) through mea-
surable information-theoretic quantities:

FEI = an AH,, an
k

where A H represents entropy reduction at fusion layer
k, and 7, is its normalized efficiency factor. This metric
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Balanced VLA-FEB Scores — Manipulation & Humanoid Models (Equal Weight Configuration)
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Figure 20: Normalized VLA-FEB composite scores across evaluated architectures: Each bar represents the aggregated
performance of a model under equal weighting of fusion efficiency, generalization, real-to-sim transfer, and cross-modal alignment
(Whysion=WeI=Wros=Wcmas=0.25). Hierarchical and diffusion-based models achieve the highest composite success, indicating that
architectures integrating semantic reasoning with probabilistic control deliver the most balanced and transferable performance

across domains.

reflects how effectively multimodal integration reduces un-
certainty in the robot’s policy distribution.

The Real-to-Sim Transfer Efficiency (R2S) measures the
fidelity of simulated pre-training to real-world deployment:

S,
R2S = —real 12)

sim

where S|, and S;,, denote normalized task success rates in
real and simulated conditions, respectively. Higher R2S val-
ues indicate stronger sim-to-real generalization and policy
robustness under real-world uncertainty.

The Generalization Index (GI) evaluates a model’s sta-
bility when encountering unseen tasks:

Gl=1-25, (13)
S
which measures performance consistency across new task-
object pairs, penalizing models that exhibit large variance in
success rates.

Collectively, these metrics form a benchmark-driven
evaluation framework that quantifies not only whether a
model succeeds, but also how and why it succeeds. A
composite VLA-FEB score enables a unified ranking across
architectures:

VLA-FEB = wl CMAS+1/U2 Efusion+w3 RZS+1/U4 GI, (14)

with tunable weights w; reflecting emphasis on se-
mantic grounding, efficiency, and transferability. For the
final configuration, all weights are assigned equally as
Wriysion=WGI=Wras =Wcmas=0.25, ensuring balanced con-
sideration of multimodal alignment, fusion efficiency, gen-
eralization capability, and real-to-sim transfer. This uniform

weighting highlights models that achieve a holistic equi-
librium across all four evaluation dimensions rather than
excelling in a single criterion.

Fig. 20 further presents the normalized composite VLA-
FEB scores of all evaluated architectures under equal weight-
ing (Weysion=WgI=Wr2s=Wcmas=0.25). Hierarchical and
diffusion-based models such as DexGraspVLA, GROOT-N1,
and Pi-0 consistently outperform early- and late-fusion base-
lines, confirming that deeper multimodal integration and
probabilistic policy decoders jointly enhance generalization,
robustness, and sim-to-real transfer. Mid-tier architectures
such as R7-2 and OpenVLA perform competitively due to
strong pretraining alignment, whereas purely symbolic or
shallow-fusion systems show significant declines in compos-
ite performance. This distribution quantitatively validates
the theoretical framework established in Section 4.5, demon-
strating that multimodal synergy, rather than scale alone,
serves as the primary driver of embodied generalization.

7.3. Future Challenge Suite for Embodied
Evaluation

Several open-source embodied simulators and task suites,
such as RLBench, ManiSkill, ALFRED, and Habitat, al-
ready provide diverse multimodal environments for evaluat-
ing perception, language, and control integration. Building
upon these foundations, we propose a selected Future Chal-
lenge Suite (Table 5) comprising representative tasks that are
widely supported across existing simulators. The selected
tasks span manipulation, navigation, embodied reasoning,
and sim-to-real transfer scenarios, enabling systematic as-
sessment of distinct aspects of VLA model capability, such
as architectural fusion efficiency, cross-modal generaliza-
tion, temporal grounding, and embodiment robustness.
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Table 5

Representative task prompts from the Future Challenge Suite demonstrating multimodal grounding and fusion complexity.

Vision Language Action Models A Review

Task Group

Example Task Prompts

Fusion / Challenge

A. Language-Guided Manipulation

Pick-and-Place Variants

Stacking / Sorting

Tool Use (Hammer, Scoop)
Cable Insertion / Knot-Tying
Assembly (Nut-Bolt, Peg-in-Hole)

B. Goal-Conditioned Navigation

Point-Goal Navigation

Dynamic Obstacle Avoidance

Semantic Map Following
Multi-Floor Navigation
Long-Horizon Search

C. Embodied Reasoning and Planning
Referring Expression Grounding
Compositional Task Parsing

Conditional Logic Execution

Causal Chain Planning

Open-World Embodied QA

D. Perception-Language-Action Generalization

Color / Shape Variation
Unseen Object Grasping

Novel Tool / Scene Composition
Cross-Embodiment Execution

Multi-Agent Cooperation

Pick the red cube and place it on the blue platform.
Lift the green cup and put it on the tray.

Stack three yellow blocks from small to large.
Sort fruits by color into bowls.

Use the hammer to hit the nail.

Scoop sand and pour into the bucket.

Insert the plug into the port.

Tie a knot with the rope.

Fasten the bolt to the nut.

Insert the peg into the hole.

Go to the red chair near the window.

Move to the charging station.

Reach the door while avoiding moving boxes.
Follow the corridor to the kitchen.

Take the elevator to floor 2 and find room A.
Locate the buoy marked B in the harbor.

Find the cup next to the red book.

Pick the spoon, place it in the cup, then push it.
If the door is open, enter; otherwise, knock.
Press the switch, then the green button.

What object remains after removing the pen?

Pick the smallest blue cube.

Grasp the unfamiliar tool near the wrench.
Use the new screwdriver on the hinge.
Repeat the task using the humanoid arm.
Coordinate with the drone to lift the box.

Vision-language grounding

Temporal grounding
Causal fusion
Tactile-visual synergy

Precision fusion

Spatial grounding

Attention stability
Semantic mapping
3-D reasoning
Policy generalization

Object reference
Sequence fusion
Logical policy
Temporal causality
State reasoning

Feature alignment
Domain generalization
Representation reuse
Embodiment invariance
Cooperative fusion

E. Sim-to-Real Transfer and Robustness
Pose Imitation / Retargeting

Visual Domain Randomization

Dexterous Manipulation (Real)

Outdoor Mobile Manipulation

Adaptive Multi-Robot Sharing

Mimic the demonstrated human arm motion.
Perform pick-and-place under lighting changes. Noise robustness
Rotate the valve until it reaches 90 degree.
Deliver the tool to the worker outside.

Collaborate with the quadruped to move the beam. Multi-agent fusion

Visual-proprio fusion

Tactile fusion
R2S transfer

Each task category in the suite is designed to examine a
specific dimension of multimodal intelligence. Manipulation
tasks assess how effectively the system fuses visual and
linguistic cues to achieve precise object interactions and tool
use under varying spatial and causal conditions. Navigation
tasks evaluate spatial reasoning, goal-directed planning, and
attention stability when following language instructions in
dynamic environments. Embodied reasoning tasks challenge
compositional understanding and causal inference, testing
whether models can parse sequential or conditional instruc-
tions and execute them systematically. Finally, sim-to-real
and robustness tasks measure the transferability of learned
policies from simulation to the physical world, examining
visual domain adaptation, proprioceptive feedback integra-
tion, and stability under uncertainty. These tasks enable a
holistic evaluation of how well VLA systems align per-
ception, language, and action, capturing their strengths and
weaknesses in real-world generalization, adaptive control,
and multimodal fusion. The Future Challenge Suite thus

serves as a unified and extensible benchmark for the next
generation of embodied intelligence systems.

7.4. Transparent Fusion Analysis and
Interpretability

To ensure that multimodal fusion in VLA systems is
not only effective but also understandable and trustworthy,
this section introduces a causal and interpretability perspec-
tive. While Sec. 4.4 and 7.2 quantified fusion efficiency
and generalization, here we examine why and how different
modalities influence decision making in embodied robotic
systems.

1) Causal Reasoning in Fusion: VLA models inte-
grate vision, language, and proprioception through cross-
modal attention and diffusion-based decoding. Understand-
ing causal dependencies among these modalities is essential
for safe autonomy. A simplified causal view can be expressed
as:

VLS - Z, - A, (15)
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where V', L, and S represent vision, language, and state
inputs; Z, denotes the latent representation at fusion layer
k; and A is the resulting action. By performing interventions
for instance, masking visual inputs or modifying linguis-
tic tokens, we can observe how changes in each modality
causally affect the predicted action distribution p(A|Z}).
This directly connects with the entropy-reduction framework
in Sec. 4.5, where stronger causal alignment corresponds
to greater uncertainty reduction (AH;) and higher fusion
efficiency ().

2) Attention Attribution and Representation Transparency:
Attention maps and token-level importance weights offer a
concrete view of what the model attends to when generating
actions. During manipulation, attention typically concen-
trates on grasp points or object surfaces, while instruction
tokens such as “place” or “stack’ activate semantic channels
in the decoder. Visualizing these attention distributions helps
verify whether decisions rely on physically meaningful cues
rather than spurious correlations, providing a diagnostic
lens for identifying misalignment between perception and
language grounding.

3) Counterfactual and Latent Probing: Counterfactual
testing asks “what-if” questions such as: What if the in-
struction changes but the image remains constant? What
if the object’s color or shape is altered? Such analysis
tests whether the latent representation Z, captures genuine
causal relations or superficial correlations. As illustrated in
Fig. 12, the latent-factor analysis shows that hierarchical fu-
sion layers frequently disentangle semantic intent (from lan-
guage) based on geometric affordances (from vision), con-
firming that structured fusion supports more interpretable
and causally organized internal representations.

4) Safe and Explainable Autonomy: In embodied robotics,
interpretability is not merely descriptive; it forms the ana-
lytical bridge between quantitative fusion metrics and real-
world reliability. The causal and attention-based signals
identified above serve as measurable indicators of system
stability. For example, sudden decreases in entropy reduction
(AH,) or fusion efficiency (#,) across layers may indicate
inconsistent reasoning flow, while divergences between
expected and observed attention distributions can expose
perception-action mismatches. Monitoring these indicators
in real time transforms interpretability into a proactive safety
mechanism: it allows early detection of unstable behaviors,
ambiguous command responses, or perception drift. By
linking interpretability metrics with theoretical constructs
(Sec. 4.5) and benchmark outcomes (Sec. 7.2), this frame-
work operationalizes transparency as a quantifiable dimen-
sion of safety and robustness in embodied autonomy.

Causality-based interpretability complements the quan-
titative evaluation introduced earlier by revealing the inter-
nal reasoning dynamics of VLA models. Integrating such
transparent fusion analysis into VLA design unifies per-
formance assessment with accountability, advancing safe,
explainable, and verifiable robotic intelligence.

8. Progress, Challenges and Future Directions

This section synthesizes current progress, persistent lim-
itations, and emerging research directions in VLA models.
While recent advances demonstrate rapid improvements in
multimodal grounding, architectural integration, and gen-
eralization across tasks and embodiments, several funda-
mental challenges continue to constrain the deployment of
VLA systems in real-world environments. We organize these
issues into three interconnected areas, architectural, dataset,
and simulation challenges, and outline future directions that
integrate modality-aware tokenizers, dynamic fusion, scal-
able multimodal datasets, and high-fidelity simulation tools.
Together, these insights provide a roadmap to build robust,
generalizable, and transparent VLA-based robotic auton-
omy.

8.1. Progress

Recent surveys converge on the view that VLA models
have shifted from proof-of-concept systems toward gener-
alist, deployable policies that jointly perceive, reason, and
act across diverse tasks and embodiments. These reviews
document steady gains in (i) architectural unification of
perception, language grounding, and control, (ii) parameter
and data-efficient adaptation, and (iii) training/evaluation
pipelines spanning simulation and real robots (Sapkota et al.,
2025; Kawaharazuka et al., 2025; Zhong et al., 2025a). A
key conceptual advance is the explicit action-token view,
which organizes policies by how actions are represented
(e.g., language instructions, code, affordances, trajectories,
latent actions, raw motor commands, or goal states) and
how these tokens are produced and consumed along the
perception—planning—control stack (Zhong et al., 2025a).
This perspective helps explain why VLA policies with iden-
tical vision/language backbones can differ markedly in real-
time control, safety, and generalization.

Despite rapid progress, the literature consistently high-
lights open problems: (1) long-horizon, partially observed
control and memory; (2) alignment between high-level se-
mantics and low-level continuous actions (closing the spa-
tial/temporal gap); (3) sim-to-real robustness and cross-
embodiment transfer at scale; (4) safety, interpretability, and
evaluation standardization across tasks and datasets; and
(5) efficiency constraints for on-robot inference (Sapkota
et al., 2025; Kawaharazuka et al., 2025). Work that treats
action representation as the primary design variable (via
action tokenization) further reveals trade-offs among tem-
poral precision, latency, safety verification, and data needs
(Zhong et al., 2025a). These insights motivate standardized
scoring protocols and causal/attribution tools for transparent
fusion analysis (cf. our VLA-FEB design and interpretability
metrics in Sec. 7.2 and Sec. 4.5).

These sources reinforce our framing that fusion depth,
encoder scale, decoder class, and dataset coverage jointly
drive success and generalization. They also support our call
for a benchmark-driven protocol (VLA-FEB) linking align-
ment, fusion benefit, generalization, and deployment relia-
bility with transparent, task-factorized reporting (Sec. 7.1,
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Sec. 7.2). Together, they provide a broader cross-domain ra-
tionale for our quantitative analysis and proposed evaluation
suite.

8.2. Architectural Challenges

VLA models rely on a unified Transformer backbone to
process high-resolution images or video frames alongside
natural-language instructions and output platform-specific
action commands. This end-to-end approach exposes several
core architectural challenges that arise from the heterogene-
ity, scale, and physical diversity inherent to robotic control.

1. Tokenization and Vocabulary Alignment: VLA mod-
els must process heterogeneous inputs including natural lan-
guage, image patches, and continuous robot states, however
standard techniques such as byte-pair encoding (BPE) for
text and fixed patch embeddings for vision often fail to cap-
ture the complexities of visual and proprioceptive signals.
This misalignment results in inconsistent token distributions
and degraded cross-modal attention. To address this, recent
approaches have introduced unified tokenization schemes.
Perceiver 10 uses shared latent arrays for multimodal fu-
sion (Jaegle et al., 2022), BLIP-2 introduces a Q-former to
dynamically select vision tokens compatible with language
models (Li et al.,, 2023), and adapter-based quantization
layers allow flexible discretization within each modality
stream (Pfeiffer et al., 2020). Despite these advances, several
key challenges remain, such as efficiently encoding high-
dimensional sensor streams without information loss, dy-
namically adapting vocabularies in the presence of noise
or novel configurations, achieving low-latency token gen-
eration on resource-constrained platforms, and designing
interpretable token spaces to support transparent and reliable
cross-modal reasoning.

2. Modality Fusion: Simply concatenating visual and
linguistic features or applying basic cross-attention often
fails to align the distinct statistical properties of pixel-
level and word-level representations, resulting in weak
visual grounding. Recent advances adopt an "align-then-
fuse" paradigm to strengthen cross-modal representations.
For instance, align-before-fusing employs momentum-based
contrastive learning to pre-align vision and language modal-
ities (Li et al., 2022), and VLMo introduces multimodal
expert layers within Transformer blocks to adaptively bal-
ance contributions from each stream (Wang et al., 2022).
Despite these gains, key challenges remain: effectively
fusing asynchronous sensory streams like haptics or audio;
incorporating additional modalities such as force/torque sig-
nals; dynamically reweighting modality importance under
domain shift (e.g., lighting changes or ambiguous language);
improving interpretability of cross-attention layers for de-
bugging; and enabling low-latency, resource efficient fusion
for deployment on embedded robotic platforms.

3. Generalization Across Embodiments: Fixed action
vocabularies and rigid kinematic bindings severely limit the

ability of VLA models to transfer across different robot mod-
els. Recent approaches address this by conditioning action
generation on robot-specific descriptors or learned affor-
dance models. For example, PaALM-E encodes explicit hard-
ware embeddings to adapt vision-language reasoning to new
platforms (Driess et al., 2023), while RT-2 freezes its vision-
language planning module and delegates embodiment/model-
specific control to a lightweight action adapter. More recent
efforts, such as DexVLA, go further by enabling plug-and-
play cross-embodiment adaptation using diffusion-based
expert modules trained across diverse kinematic structures.
Despite these advances, zero-shot generalization to entirely
novel robot models, payload distributions, or joint limits
continues to degrade without fine-tuning. Moreover, sim-
to-real transfer remains unstable under noisy sensor read-
ings and unexpected dynamics, and generating smooth,
compliant trajectories that adapt to varying torque, speed,
and stiffness profiles across platforms remains an open and
critical challenge.

4. Manipulator Motion Smoothness: Although many
VLA models emphasize the prediction of discrete action
tokens, they often neglect the quality of continuous motion
trajectories, which are essential for smooth, safe and precise
manipulation. Recent approaches such as Diffusion Policy
(Chi et al., 2023b) reformulate visuomotor control as a
conditional denoising process, enabling the generation of
temporally coherent action sequences. Based on this, the dif-
fusion transformer policy (Hou et al., 2024b) integrates large
transformer architectures directly into the diffusion frame-
work, achieving improved stability and generalization across
diverse robotic platforms. However, several challenges re-
main unresolved: achieving real-time inference with latency-
sensitive diffusion models, ensuring robust collision avoid-
ance under sensor noise and dynamic uncertainty, main-
taining a balance between trajectory smoothness and fast
reactivity to changing goals, and coupling diffusion-based
controllers with high-level language planners.

8.3. Dataset Challenges

Comprehensive, varied, and well-organized datasets form
the basis for developing VLA models. However, current data
sets exhibit several significant limitations that obstruct the
path toward robust, general-purpose VLA models.

1. Task Diversity: Current datasets are highly specialized,
focusing on narrow, short-horizon tasks. For instance, AL-
FRED and CALVIN emphasize pick-and-place operations,
while R2R focuses on navigation and finding pathways
guided by language. However, few datasets integrate long-
horizon task planning that combines spatial reasoning, navi-
gation, and fine-grained object manipulation in open-ended,
multi-scene environments. This fragmentation restrains the
training of agents capable of seamlessly switching between
locomotion and manipulation tasks in realistic household or
industrial scenarios.
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2. Modality Imbalance: Most VLA datasets primarily
offer RGB images and textual annotations, often excluding
critical sensor modalities such as depth maps, force/torque
signals, tactile feedback, or proprioceptive data. When these
streams are present, they are frequently captured at incon-
sistent sampling rates or resolutions. This lack of high-
quality, synchronized multimodal data significantly limits
the development of models that can perform robust sensor
fusion despite environmental uncertainty.

3. Annotation Quality and Cost: Obtaining accurate la-
bels such as 6-DoF object poses, frame-aligned multi-sensor
data, or detailed natural language explanations is resource
intensive and time-consuming, requiring either detailed
manual annotation or unreliable semi-automated pipelines.
Although simulated environments can provide perfect an-
notations at scale, domain gaps in appearance, physics, and
interaction fidelity often degrade sim-to-real transfer. Mean-
while, current self-supervised and auto-labeling methods
remain unreliable across diverse task domains.

4. Realism and Scale: Real-world datasets like Open X-
Embodiment offer high fidelity data with authentic sensor
noise and physical interactions, but are constrained by the
cost and time of robot data collection, typically producing
only hundreds of hours of recordings. In contrast, simulation
platforms can generate millions of trajectories efficiently but
struggle to replicate complex real-world dynamics, such as
material deformation, lighting variability, or occlusion ef-
fects. This trade-off between realism and scalability remains
a fundamental bottleneck in the development of models that
generalize beyond laboratory conditions.

Addressing these limitations will require coordinated
efforts to build long-horizon, cross-domain benchmarks;
gather richly synchronized multimodal datasets; reduce an-
notation costs through self-supervision and automation; and
bridge the realism-scale divide via hybrid simulation-real
data pipelines. These advances are essential to equip future
VLA models with the robustness and adaptability needed for
deployment in real-world environments.

8.4. Simulation Challenges

Simulators provide scalable, controllable environments
for generating training data for VLA models. However,
several critical limitations must be addressed to ensure that
simulated performance reliably transfers to real-world de-
ployment.

1. Physics Accuracy and Contact Modeling: Popular
physics engines such as MuJoCo, PyBullet, and NVIDIA
Isaac Sim simplify physical interactions by relying on basic
Coulomb friction models and point-contact approximations.
Although this enables stable and fast simulation, it fails to
capture essential dynamics such as soft-body deformation,
variable surface friction, and joint compliance. As a result,
policies trained in simulation often perform poorly in the real
world, leading to issues like object slip, unexpected torque
spikes, or unstable contact behavior.

2. Visual Realism and Throughput Trade-offs: High-
fidelity simulation platforms such as AI2-THOR, Habitat,
and Unity ML-Agents provide photorealistic rendering and
diverse assets, making them ideal for vision-heavy tasks.
However, this comes at the cost of low frame rates and
high GPU demand, limiting their suitability for large-scale
reinforcement learning or self-supervised pretraining. In
contrast, lightweight renderers support high-throughput sim-
ulation but suffer from domain gaps in texture, lighting,
and occlusion realism, reducing the effectiveness of domain-
randomized policies during real-world deployment.

3. Lack of Built-in Language Grounding APIs: Most
simulators do not provide native support for grounding nat-
ural language commands into agent behaviors. This forces
to create custom annotation pipelines such as those used
in ALFRED or TEACh that align textual instructions with
actions and scene representations. These efforts introduce
significant development overhead, restrict reproducibility,
and lead to fragmented and non-standardized data formats.

4. Multi-Robot and Agent Support Capabilities: Sup-
port for multiple robots varies widely across simulators.
Some platforms like Isaac Sim and Gazebo offer flexible
import of arbitrary robot descriptions via URDF or SDF for-
mats, facilitating multi-robot coordination and benchmark-
ing. Others, like Webots and RoboSuite, are optimized for
specific robot families, limiting generalization and reusabil-
ity. This inconsistency complicates cross-platform pretrain-
ing and impairs reproducibility across hardware setups.
Overcoming these challenges requires advancing contact-
rich physics modeling, optimizing rendering pipelines for
both fidelity and throughput, developing standardized lan-
guage grounding interfaces, and unifying multi-agent sim-
ulation support. These improvements are essential to create
simulation platforms that can produce realistic, scalable, and
transferable datasets for training generalizable VLA models.

8.5. Safety, Failure, and Robustness Evaluation

While VLA systems demonstrate strong generalization
across diverse manipulation and navigation tasks, safety and
robustness remain major open challenges, particularly when
operating in cluttered or uncertain environments. Unlike
classical control pipelines with explicit stability guarantees,
VLA policies rely on learned multimodal representations
whose failure modes are often opaque, difficult to predict,
and hard to diagnose.

Safety-critical failure modes in VLA-controlled manip-
ulation typically arise from: (i) misaligned visual attention
leading to incorrect object selection, (ii) ambiguity in lan-
guage instructions producing wrong subgoals, (iii) distri-
bution shifts in lighting, occlusion, or scene layout, and
(iv) instability in contact-rich interactions such as grasping,
pushing, and tool use. These errors may propagate through
the perception-language-action loop, resulting in unsafe be-
haviors such as collisions, dropped objects, excessive forces,
or unreachable configurations.
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Uncertainty quantification remains an underdeveloped
area across existing VLA frameworks. Most systems do not
model epistemic or aleatoric uncertainty, nor do they esti-
mate confidence over visual grounding, subgoal selection,
or action generation. This makes it difficult to detect early-
stage failures or trigger safe fallback behaviors. Incorpo-
rating uncertainty-aware components, such as Bayesian ac-
tion decoders, ensemble critics, confidence-aware grounding
modules, or diffusion models with calibrated likelihoods
offers a promising direction for robust embodied autonomy.

Risk-aware planning is also insufficiently explored in
current VLA architectures. While many systems optimize
for task completion, few explicitly reason about hazardous
states, safe regions, collision proximity, or force limits. In-
tegrating VLA models with safety filters, control-barrier
functions, model-predictive safety layers, or agentic verifica-
tion loops could enable safer execution, especially in dense
manipulation scenes.

failure diagnosis and interpretability remain crucial. Al-
though recent VLA frameworks incorporate attention maps
or vision-language introspection, these tools offer only par-
tial insight into why failures occur. Future work should com-
bine multimodal saliency, causal attribution, and trajectory-
level diagnostics to create transparent post-hoc explanations
and actionable feedback for system improvement. Address-
ing safety, uncertainty, and robustness is essential for moving
VLA-driven manipulation from controlled labs into real-
world, safety-critical environments.

8.6. Real-Time Constraints in VLA Systems

Although VLA models demonstrate remarkable capa-
bilities in multimodal reasoning and manipulation, their
practical deployment on physical robots remains constrained
by real-time performance requirements. In contrast to offline
simulation or batch inference scenarios, embodied systems
are required to function within tight constraints on timing,
energy consumption, and computational resources. These
constraints directly influence the safety, feasibility, and ro-
bustness of VLA-driven control.

A primary challenge is inference latency. Many state-
of-the-art VLA architectures rely on deep transformer en-
coders and diffusion-based decoders, which commonly re-
quire tens to hundreds of milliseconds per prediction step,
far slower than the 10-100 Hz control loops needed for dex-
terous manipulation and fast closed-loop correction. Models
with long multimodal token sequences and cross-attention
layers further exacerbate this bottleneck. Although recent
approaches introduce more efficient formulations, such as
Mamba-based linear-time transformers (e.g., RoboMamba),
these improvements remain insufficient for high-frequency
real-world deployment.

Another major limitation is memory and GPU footprint.
Large vision encoders, such as DINOv2 ViT-G, CLIP ViT-
L/14, and the large visual backbone architectures employed
in Octo and OpenVLA, impose heavy memory require-
ments (around 8-40 GB of GPU Memroy), making on-
device deployment challenging. This creates performance

gaps when deploying VLAs in embedded systems where
power consumption and thermal limits are restrictive. To
address these issues, recent work such as EdgeVLA and
Gemini-on-Device emphasises lightweight visual language
fusion and memory efficient inference pipelines designed
specifically for on-device or low-power execution. These
efforts demonstrate promising progress, but their perfor-
mance remains significantly lower than that of full-scale
VLA architectures.

Computational bottlenecks also arise from multimodal
fusion itself. Cross-attention layers linking vision, language,
and proprioception tokens introduce quadratic complexity
with respect to sequence length. Diffusion-based action de-
coders require iterative denoising steps, increasing inference
time linearly with the number of sampling iterations. Some
recent architectures mitigate these limitations via token
pruning, low-rank adaptation (LoRA), Mixture-ofthrough
token pruning, low-rank adaptation (LoRA), Mixture-of-
Experts (MoE) routing, frequency-space action tokenisation,
or hybrid diffusion—autoregressive optimizations across VLA
families is still lacking.

In general, despite the rapid progress of VLA research,
the field lacks a unified understanding of how inference
latency, memory consumption, power constraints, and ar-
chitectural design choices jointly affect real-time robotic
deployment. Addressing these gaps will require dedicated
benchmarks, standardized latency and power reporting, and
the development of resource-efficient VLA architectures
capable of robust control under the computational conditions
of real-world robots.

8.7. Future Directions
8.7.1. Unified Roadmap for Multimodal VLA Systems

To advance the next generation of VLA models, fu-
ture systems should incorporate learnable, modality-aware
tokenizers-such as vector-quantized VAEs or neural dic-
tionaries to jointly discretize continuous sensor streams
like proprioception and force/torque alongside visual and
textual inputs. Dynamic fusion blocks (e.g., gating networks,
mixture-of-experts, or conditional attention) can reweight
each modality based on task demands, improving flexi-
bility and robustness. For scaling long video or text se-
quences, hierarchical architectures are recommended, where
lightweight CNN or RNN frontends downsample high-
frame-rate inputs before passing them to sparse Transformer
layers for efficient long-range modeling. Additionally, in-
tegrating diffusion-based trajectory generators with differ-
entiable safety and collision-avoidance filters can produce
smooth, compliant motions that align tightly with high-level
task planning.

On the dataset side, procedural task grammars embed-
ded in simulators can automatically generate long-horizon,
open-ended scenarios that interleave navigation and fine-
grained manipulation. To support sensor fusion, standard-
ized multimodal capture pipelines should be adopted to
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Assistive Robotics

Marine Robotics

Service Robotics

Autonomous Navigation

Harvest ripe tomatoes
Inputs: Multispectral
images + Depth + text
Fusion: Hierarchical
Semantic Control
Output: Precision Harvest &

Pass me the scalpel

Inputs: Visual + Verbal Intent
Fusion: Causal Reasoning &
Attention

Output: Safe Human-Robot

Interaction

Inspect the fishnet

Inputs: visual + Sonar +
LiDAR + Mission Text
Fusion: Multimodal Policy
Core

Output: Adaptive Inspection

Put tomato catch-up in fridge

Inputs: RGB-D + Task Text
Fusion: Symbolic Plan &
Continuous Control
Output: Service task
performance in household

Go to the main entrance

Inputs: Scene Perception +
Language Goal

Fusion: Cross-Modal
Trajectory Planning
Output: Context-Aware

Inspection

Mobility

Figure 21: Representative emerging application domains of VLA systems. Multimodal fusion enables grounded perception,
reasoning, and control across: (a) Agricultural Robotics: precision harvesting and inspection; (b) Assistive Robotics: causal
reasoning for safe human-robot interaction; (c) Marine Robotics: adaptive inspection under degraded sensing; (d) Service Robotics:
symbolic-to-continuous task execution; and (e) Autonomous Navigation: context-aware mobility through cross-modal planning.

synchronize RGB-D, tactile, force/torque, audio, and lan-
guage streams at compatible sampling rates, with miss-
ing modalities augmented through cross-modal synthesis
(e.g., monocular depth estimation). Annotation burdens can
be reduced through self-supervised or weakly supervised
techniques, including unsupervised segmentation, vision-
language co-training, and active learning, to automatically
extract object masks, 6-DoF trajectories, and language ex-
planations. Hybrid synthetic-real pipelines, using neural ren-
dering and physics-aware domain randomization, can bridge
the realism-scale gap, ensuring that large-scale simulated
data generalize better to physical environments.

In simulation platforms, physics fidelity should be im-
proved through differentiable, multi-scale contact models
that blend classical solvers with data-driven calibration to
better handle soft-body deformation, friction variability, and
compliance. Hybrid rendering pipelines that combine high-
throughput rasterization for general frames with neural or
ray-traced rendering for key scenes can deliver realism with-
out compromising speed. A simulator-agnostic language
grounding API should be established to map natural lan-
guage instructions directly to scene graphs and agent be-
haviors. Finally, to enable broad generalization, simulators
must support multi-robot and multi-agent scenarios, with
autoimport of URDF/SDF models and shared simulation
protocols, allowing for consistent policy pretraining across
heterogeneous robot platforms.

8.7.2. Emerging Application Domains

The growing maturity of VLA model frameworks marks
a transition from controlled laboratory settings to real-world
embodied systems capable of grounding abstract linguistic
goals into sensorimotor execution. By unifying perception,
reasoning, and control through hierarchical multimodal fu-
sion, VLAs are balanced to redefine autonomy in several
critical domains (as depicted in Fig. 21) where adaptability,
safety, and explainability are critical.

e Agricultural Robotics: VL A-guided agricultural robots
integrate multispectral vision, depth sensing, and
environmental telemetry with language-conditioned
task representations, enabling precise and context-
aware decision-making. Commands such as harvest
the ripe tomatoes or inspect the southern greenhouse
for disease can be semantically linked to spatial
features and phenotypic cues. Hierarchical fusion
allows linguistic intent to influence perception mod-
ules, while lower layers extract visual affordances
such as ripeness, occlusion, or leaf texture. Through
multimodal grounding.

o Assistive Robotics: In medical and assistive contexts,
VLA-driven systems provide interpretable interfaces
between human intent and compliant robotic control.
Natural-language instructions such as pass me the
scalpel or assist the patient to sit upright are translated
into safe motion primitives through causal reason-
ing and cross-modal attention. Information-theoretic
quantities like entropy reduction (A H,) quantify task
confidence, while attention attribution ensures trace-
ability between linguistic and visual grounding. These
capabilities promote transparent, verifiable autonomy
in clinical and home-care robotics, where safety and
causal interpretability are essential.

e Marine Robotics: For surface and underwater plat-
forms operating in GNSS-denied or visually degraded
conditions, VLAs link semantic mission directives
with fused perceptual streams (camera, sonar, Li-
DAR, and inertial data). Commands such as inspect
the fishnet or survey pen three for damage are exe-
cuted through multimodal reasoning that aligns lin-
guistic intent with geometric and environmental con-
text (Akram et al., 2025). Hierarchical fusion en-
hances robustness by maintaining cross-modal coher-
ence under partial observability, while counterfac-
tual analysis and attention monitoring identify failure
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points in perception-action coupling, improving mis-
sion safety and adaptability.

e Service Robotics: In manufacturing, logistics, and
domestic environments, VLA policies enable high-
level task programming through natural commands
such as put tomato catch-up in fridge or assemble the
blue valve on rack three. These instructions are de-
composed through structured fusion layers into sym-
bolic plans and continuous control policies, allowing
flexible adaptation to workspace variation and opera-
tional uncertainty. Fusion-energy dynamics (Efg;on)
and generalization indices (GI) serve as diagnostic
indicators of robustness across visual, linguistic, and
proprioceptive inputs, while attention transparency
helps supervisors verify safety and quality compli-
ance.

e Autonomous Navigation: For mobile, aerial, and hu-
manoid platforms, VLAs facilitate context-aware nav-
igation and interaction in dynamic environments. By
coupling semantic scene understanding with natural-
language intent such as go to main entrance or monitor
the corridor for visitors, these systems infer spatial
goals, predict social interactions, and plan motion tra-
jectories using diffusion or flow-based policies. Hier-
archical cross-modal fusion ensures that linguistic rea-
soning informs trajectory planning, while causal in-
terpretability safeguards against ambiguous or unsafe
responses. This synergy between multimodal ground-
ing and policy transparency supports safe, explainable
autonomy in open-world mobility applications.

Across these domains, VLASs act as a unifying paradigm
that transforms high-level human intent into grounded,
verifiable robotic behavior. The integration of causal in-
terpretability, quantitative fusion metrics, and benchmark-
driven evaluation not only advances performance but also
establishes the theoretical and practical foundations for safe,
transparent, and domain-adaptive embodied intelligence.

8.8. Agentic VLA Autonomy and Self-Improving
Control

Building upon the theoretical and benchmarking founda-
tions established in Sections 4-7, we now identify a crucial
trajectory for next-generation multimodal autonomy: the
emergence of Agentic VLA Robotics, where fusion models
evolve from reactive policies into proactive, self-improving
embodied agents Although current VLA pipelines combine
perception, language grounding, and motor control, most of
them still function as reactive systems that execute exter-
nally defined tasks without autonomous decision-making.
An emerging direction for next-generation embodied intelli-
gence is to extend VLA models into agentic Al architectures
capable of formulating goals, reasoning about tasks, and
autonomously selecting skills. In this emerging paradigm,
VLA models would no longer serve as fixed end-policies,
but instead act as reusable embodied tools that are called,
verified, and improved by a higher-level cognitive agent.

Although the term Agentic Al is increasingly referenced
in emerging robotics literature, its definition remains in-
consistent across studies. To provide conceptual clarity and
align terminology for embodied autonomy, we distinguish
between three closely related but fundamentally different
frameworks: Agentic Al, Agentic VLMs, and Agentic VLAs.
These concepts represent a progression from high-level cog-
nitive autonomy to grounded multimodal and visuomotor
control.

e Agentic Al refers to artificial systems capable of self-
directed autonomy, including goal generation, task
decomposition, tool invocation, verification, feedback
monitoring, and uncertainty-aware re-planning. Un-
like classical agents that execute predefined poli-
cies, agentic systems incorporate deliberate cognitive
functions such as reasoning, memory retrieval, intro-
spective evaluation, and adaptive correction. Recent
works (Raptis et al., 2025; Abou Ali et al., 2025; Park
etal., 2025) demonstrate early agentic pipelines where
in large language models autonomously trigger APIs,
interpret sensory evidence, and refine task execution
through iterative feedback loops

e Agentic VLMs extend this paradigm by integrating
agentic reasoning with vision—language grounding.
These models not only interpret scenes and instruc-
tions, but also perform agent-like operations such as
verifying outcomes, detecting failures, and reasoning
over semantic and spatial constraints. Studies such
as (Liu et al., 2024a; Zhang et al., 2025f) highlight
VLMs that operate as perceptual-verification modules
in agentic controllers, enabling robots to update plans
based on multimodal evidence and maintain semantic
memory of task states.

e Agentic VLAs represent the most embodied form of
agentic autonomy. In this setting, an LLM-based plan-
ner invokes VLA manipulation or navigation skills as
callable tools, evaluates their outcomes through multi-
modal verification, and dynamically adapts execution.
Recent examples (Abou Ali et al., 2025; Park et al.,
2025) demonstrate pipelines where grounded visuo-
motor skills are embedded within an agentic loop ca-
pable of synthesizing subgoals, recovering from fail-
ures, and switching skills in a context-aware manner.
Agentic VLAs therefore unify symbolic reasoning,
multimodal perception, and action execution under a
single closed feedback loop that enables robots to act
proactively rather than reactively.

These categories indicate a shift from static VLA
pipelines toward adaptive, self-improving embodied
systems.. The existing literature remains fragmented,
lacking a unified framework that differentiates be-
tween agentic reasoning, multimodal grounding, and
embodied control. By formalizing the distinctions
between Agentic Al, Agentic VLMs, and Agentic
VLAs, this review provides a clearer conceptual foun-
dation for understanding these concepts. Places recent
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advances within a coherent roadmap for developing
next-generation agent-driven robotic autonomy.

The closed-loop agentic pipeline that captures this tran-
sition is depicted in Fig. 22. A large language model func-
tions as the agentic planner, breaking tasks into subgoals
and selecting suitable perception or manipulation tools from
a Skill & Tool Library. Rather than executing commands
blindly, future systems may continuously monitor execution
through a VLM-based observation module with memory
buffers that store visual feedback. A dedicated verification
step would then confirm whether a subgoal is achieved or re-
quires re-planning. Importantly, progress could be assessed
not only by task completion, but also by feedback metrics
such as entropy reduction AH,, fusion energy balance,
and uncertainty measures. These metrics could guide re-
planning, tool switching, or adaptive refinement of physical
actions. Such mechanisms would create a continuous loop in
which planning, grounding, verification, and improvement
occur continuously during execution.

Future agentic autonomy therefore has the potential
to extend VLA capabilities beyond prompt-conditioned
responses by enabling robots to: (i) generate and refine
goals independently; (ii) select multimodal skills via API-
based tool interfaces; (iii) verify actions through visual-
language reasoning; and (iv) adapt their decisions based on
multimodal confidence scores. Recent developments already
point toward such architectures, where LLM-driven agents
coordinate perception, motion strategies, and symbolic rea-
soning using feedback-driven API invocation (Raptis et al.,
2025; Abou Ali et al., 2025; Park et al., 2025). These agentic
systems are expected to learn not only how to act, but also
when to modify, repeat, or delegate actions, leading to more
transparent and explainable embodied decision processes.

From this perspective, we outline a potential Agentic
VLA Architecture with two tightly connected future layers:
(1) an LLM-driven reasoning layer responsible for self-goal
generation, scheduling, verification, and failure recovery,
and (2) a VLA skill layer offering reusable multimodal
perception and manipulation tools. Real-time diagnostic sig-
nals, such as A Hy, Ef q;on. and the VLA-FEB efficiency met-
ric 7, (Sections 4.5-7.2), may serve as measurable criteria to
advance decisions to humans, delegate tasks to other robots,
or refine actions in real time.

Collaborative agentic autonomy is also a promising di-
rection, where orchestration extends across multiple robotic
platforms. Future LLM-based planners may assign roles,
share multimodal states, and negotiate task procedures
through natural language (Liu et al., 2024a; Zhang et al.,
2025f). Embedding VLA tools into such frameworks can
unlock multi-robot manipulation, shared perception under
uncertainty, and truly open-world task execution.

We therefore view Agentic VLA Robotics as a future
class of embodied systems in which VLA models operate
as verifiable, self-improving tools governed by agentic con-
trollers capable of generating goals, re-planning actions, in-
terpreting uncertainty, and making collaborative decisions.

Agentic Planner (LLM) &« ,:\ Skill & Tool Library
> (self-goal ion, subtask \t-,fz. (picking, placing, motion
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Figure 22: Agentic VLA Robotics Framework. An LLM-based
agentic planner performs self-goal formulation and subtask
scheduling, invoking VLA manipulation/perception tools from
a skill library. A VLM-based observation module with memory
provides visual grounding and verification. Real-time diagnostic
feedback drives re-planning in the event of failure or advances
execution upon success. This establishes a closed cognitive-
embodied loop where reasoning, grounding, verification, and
improvement are continuously coupled.
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Advancing this paradigm will require: (i) safe interfaces be-
tween agent reasoning and embodied control; (ii) evaluation
metrics such as VLA-FEB to measure long-horizon self-
improvement and negotiation reliability; and (iii) scalable
inference techniques that meet real-time constraints on phys-
ical robots. Together, agentic autonomy and VLA fusion
have the potential to shift robotics from reactive policy
execution toward explainable, adaptive, and self-directed
embodied intelligence. Thus, agentic autonomy constitutes
not only an architectural opportunity but also a prerequisite
for scalable, trustworthy embodied intelligence capable of
operating safely in unstructured environments.

8.9. Long-Horizon Autonomy and Agentic VLA
Systems

While recent Agentic VLA frameworks demonstrate
promising closed-loop behavior, several key challenges re-
main unresolved for long-horizon autonomy. First, memory
systems are still under-developed. Most current pipelines
rely on stateless or short-context reasoning, which limits
their ability to handle multi-stage tasks, track evolving scene
context, recall past failures, and maintain persistent semantic
maps. Achieving reliable long-horizon behavior requires
integration of episodic memory (task progress, failures,
corrections) and semantic memory (object attributes, spa-
tial layouts, affordances) tightly coupled with VLA skill
libraries.

Symbolic reasoning integration is essential for complex,
multi-step missions that require abstract planning beyond
immediate perception. Although LLM-based planners can
generate subgoals, their symbolic grounding remains fragile
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in cluttered or dynamic scenes. Future Agentic VLA ar-
chitectures must combine symbolic structures, such as task
graphs, precondition, effect models, and relational abstrac-
tions with grounded visuomotor execution, enabling more
reliable plan consistency, hierarchical decomposition, and
€eITOr Iecovery.

Cross-robot coordination remains largely unexplored.
Heterogeneous multi-robot systems, such as UAV-UGV or
manipulator-mobile base pairs, require synchronized reason-
ing about shared goals, spatial constraints, task allocation,
and inter-robot communication. Current VLA models oper-
ate mainly on single-robot trajectories, lacking mechanisms
for distributed memory, shared world models, or multi-agent
policy alignment. Extending Agentic VLA loops to multi-
robot settings will be crucial for scalable embodied intel-
ligence. Bridging short-horizon agentic control with long-
horizon autonomy will require integrating memory systems,
symbolic structures, and coordinated multi-agent reasoning
into a unified embodied intelligence framework. These di-
mensions represent critical frontiers for the next generation
of Agentic VLA robotics.

9. Conclusion

This review synthesizes recent progress in VLA mod-
elling by integrating architectural, dataset, and simulation
perspectives into a unified analytical framework. The large-
scale analysis reveals that hierarchical and late fusion ar-
chitectures achieve the best balance between generalization
and efficiency. Encoder scale and fusion depth are found
to be key factors influencing manipulation success, while
diffusion-based decoders consistently show superior robust-
ness and cross-domain transfer compared to autoregres-
sive variants. These results highlight the growing impor-
tance of balanced, multimodal fusion over simple parameter
scaling in embodied learning. The analysis of available
datasets reveals a persistent lack of benchmarks that combine
complex task semantics with rich multimodal alignment,
limiting the development of scalable and general-purpose
robotic policies. Similarly, current simulation environments
often lack synchronized multimodal acquisition and lin-
guistic grounding, emphasizing the need for more compre-
hensive simulation-to-data pipelines and unified embodied
evaluation frameworks. Overall, this study underscores the
importance of enhancing data diversity and synchroniza-
tion across vision, language, and proprioceptive modali-
ties, developing adaptive fusion architectures capable of
dynamically balancing modalities under uncertainty, and
establishing transparent evaluation protocols that quantify
alignment, interpretability, and transfer efficiency. Agentic
VLA Robotics highlights a future shift toward embodied sys-
tems where VLA skills operate as callable, verifiable tools
governed by LLM planners capable of real-time re-planning,
uncertainty-aware adaptation, and collaborative autonomy.
By integrating theoretical and empirical insights, this review
offers a comprehensive reference and a forward-looking

roadmap for the development of scalable, interpretable, and
trustworthy embodied Al systems.
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Table 6
Vision Encoder Scale Categories
Category | Log,,(Params) | Size (M) | Representative
Models /
Characteristics
Small <73 <20 ResNet-18,
MobileNet, ViT-
Tiny; low-latency
perception
Medium [7.3,8.3) 20-200 ResNet-50, ViT-
Base, CLIP-RN50;
strong  semantic
grounding
Large >83 > 200 ViT-Large, CLIP-
ViT-L, ViT-G/14,
SAM; high-
level multimodal
alignment
Table 7

Language Encoder Scale Categories

Category | Params (B) | Representative | Description
Models

Small <1 T5-Base, Basic
MiniLM, grounding
DistilBERT, for short
CLIP-Text commands

Medium 1-10 LLaMA-2-7B, Semantic
Qwen-7B, reasoning and
Gemma-7B, contextual
Mistral-7B interpretation

Large > 10 GPT-3.5/4, Advanced
PaLM-2, reasoning and
Qwen-72B, generalization
LLaMA-70B across tasks

Appendices

A. Key Terminologies

This appendix describes the computational procedures
used to generate the key analytical figures in the main
text. We begin by defining key terminology and then detail
the statistical methods for each analysis. All analyses were
conducted using Python 3.10 with NumPy, pandas, scikit-

learn, statsmodels, and seaborn.

A.1l. Key Terminology and Definitions

Before presenting the computational procedures, we de-
fine the key variables and concepts used throughout our
analysis. The following terminology ensures consistency

across regression, factor, and scale analyses.
Model Architecture Variables.

e Fusion Depth (D/): Represents the stage in the

network where visual and language features are com-
bined: Early Fusion (Dy = 1): Features merged
in the initial layers, enabling joint representation
learning but potentially losing modality-specific de-
tail. Late Fusion (Df = 2): Features merged at
the final decision layers, preserving modality-specific
processing before integration. Hierarchical Fusion
(Dy = 3): Multi-level integration across multiple
network depths, allowing progressive refinement of
cross-modal representations.

Decoder Family: Defines the type of action prediction
mechanism: Autoregressive: Sequential action predic-
tion (e.g., Transformers, LSTMs). Diffusion: Iterative
denoising-based action generation. Flow: Normaliz-
ing flow-based action modeling. MLP: Direct feedfor-
ward prediction from latent representations. Planner:
Explicit optimization or search-based planning algo-
rithms.

Encoder Families: Vision Encoder Family: Processes
visual inputs (e.g., CLIP-based, ViT/Transformer,
ResNet, EfficientNet, DINO-based, SigLIP, CNN-
based). Language Encoder Family: Processes textual
or semantic inputs (e.g., BERT, GPT, TS5, LLaMA,
Qwen, PalLM, Gemini, CLIP-Text).

Model Scale Variables. The vision and language
encoders were categorized into three sizes explained
in the table below.

Task Complexity Variables. Task Complexity (Ci,q.):
Composite metric capturing task difficulty, diversity,
and reasoning requirements. Higher values corre-
spond to more challenging or multi-stage manipula-
tion tasks. Modality Richness (C,,q): Number of
distinct input modalities: 2 for vision + language, 3
for vision + language + proprioception, and 4 for
vision + language + proprioception + tactile. Dataset
Size (N): Number of training samples, transformed
as: LogN = log;(N)

Performance Metrics. Normalized Success (Y):
Normalized task success rate (0-1 scale), adjusted for
task difficulty. This is the primary dependent variable
used in regression analyses. Generalization Index:
Quantifies model performance on novel or unseen
scenarios (0-1 scale), reflecting generalization ability
beyond the training distribution.
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B. Statistical Methodologies and Key
Concepts

e Standardization (z-score normalization): Transfor-
mation of variables to zero mean and unit variance:

xX—u
(o2

X= (16)
where y is the mean and o is the standard deviation.
This ensures coefficients are comparable across differ-
ent scales.

e Coefficient (f): In regression, represents the expected
change in the outcome variable for a one-unit increase
in the predictor, holding other variables constant.

e Ordinary Least Squares (OLS) Regression: A sta-
tistical method for estimating the relationship between
a dependent variable (outcome) and one or more inde-
pendent variables (predictors) by minimizing the sum
of squared residuals. OLS finds the best-fitting linear
model:

Y=ﬂ0+ﬂ1X] +ﬁ2X2+ +ﬂpo+£ (17)

where Y is the outcome, X; are predictors, f; are
coefficients to be estimated, and ¢ is the error term.
The method assumes: Linear relationship between
predictors and outcome, Independence of observa-
tions, Homoscedasticity (constant variance of errors),
and Normally distributed errors

o Forest Plot: A graphical display of regression coef-

ficients and their confidence intervals, arranged verti-
cally to facilitate comparison. Each coefficient is rep-
resented by: A point estimate showing the f value, A
horizontal line showing the 95% confidence interval,
and A vertical reference line at zero.
Coefficients whose confidence intervals do not cross
zero are statistically significant at p < 0.05. Forest
plots are particularly useful for: Comparing effect
sizes across multiple predictors, Identifying signifi-
cant vs. non-significant effects at a glance, Visualiz-
ing uncertainty in parameter estimates, and Grouping
related predictors thematically

e Factor Analysis: A dimensionality reduction tech-
nique that identifies underlying latent factors ex-
plaining correlations among observed variables. The
method assumes observed variables are linear combi-
nations of unobserved factors:

X; = A Fy 4+ ApFy + -+ A F +u;  (18)

where: X; is the i-th observed variable (standardized),
F ; are latent factors (unobserved constructs), 4; j are
factor loadings (correlations between X; and F)), u;

is unique variance (not explained by factors), k is the
number of factors (typically k < p, where p is number
of variables).

Factor analysis helps answer questions like: What
underlying constructs explain why certain VLA design
features tend to co-occur? For example, vision and
language model sizes may load on a common Model
Scale factor, while fusion depth and fusion type may
load on an Architecture Design factor.

e Factor Loadings: Correlations between observed
variables and latent factors, ranging from —1 to +1.
High loadings (|4;;| > 0.4) indicate strong associa-
tions: 4;; > 0.4: Variable X; increases with factor F},
A;ij < —0.4: Variable X; decreases with factor F, and
|4;;] < 0.4: Weak or negligible association.

B.1. Data Preprocessing

Our dataset includes: fusion depth strategy, fusion type,
decoder family, application domain, vision encoder param-
eters (Vparams)» language model parameters (Lparms), task
complexity (Ci,q), modality richness (C,.q), dataset size
(N), and adjusted success rate (Y).

Continuous features were log-transformed to address
skewness:

VisionParams = log,,(V, LLMParams = log,,(L

arams)’ params)’

LogN = log,,(V)
19)

Fusion depth was ordinally encoded (1=early, 2=late,
3=hierarchical), and categorical variables were one-hot en-
coded. All continuous predictors were z-score normalized
(% = (x — u)/o) prior to regression analysis.

B.2. OLS Regression and Forest Plot

We estimated the following ordinary least squares model:

Y =8+ 5D, +5S, + S, + BiCosc + B5Crnoa
+ ﬁﬁ”diﬁusion + ﬂ7[|ﬂow + ﬂxuhierarchical (20)

+ Upench te.

where Y is the normalized success rate, D I is ordinal fusion
depth, and [ terms are binary indicators for decoder type
and fusion strategy. The coefficients were estimated using
maximum likelihood and the 95% confidence intervals were
calculated using the #-distribution with n — p degrees of
freedom.

The forest plot (Fig. 10) displays standardized coeffi-
cients f ; with their confidence intervals v i +10.975° SE(§ )]
The coefficients are grouped thematically: Architecture De-
sign (D r lhier)» Model Scale (VisionParams, LLMParams),
Task Complexity (Cig, Cpoq)» and Decoder Policy (1,
lhow)- A vertical reference line at f = O facilitates the
assessment of statistical significance.
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B.3. Factor Analysis

We perform exploratory factor analysis on six continu-
ous features (D > VisionParams, LLMParams, C,q, Crods
LogN) to identify latent constructs. The factor model as-

sumes:
X=LF' +¥ 1)

where X is the standardized characteristic matrix, F contains
latent factor scores, L is the loading matrix and ¥ represents
unique variances.

We extracted k = 3 factors using maximum likeli-
hood estimation via expectation-maximization, explaining
approximately 75% of total variance. The three factors were
interpreted as:

e Factor 1 (Architecture): High loadings on fusion
depth

e Factor 2 (Scale): Dominated by VisionParams and
LLMParams

e Factor 3 (Performance): Primarily loaded on dataset
size and task complexity

The heatmap (Fig. 12) visualizes the 3 X 6 loading
matrix L7 using a diverging colormap centered at zero, with
annotated values. Loading magnitudes |4;;| > 0.4 indicate
substantial associations between features and factors.

B.4. Software and Reproducibility

Analysis pipeline: Python 3.10.12, NumPy 1.24.3, pan-
das 2.0.3, scikit-learn 1.3.0, statsmodels 0.14.0, matplotlib
3.7.2, seaborn 0.12.2. Complete code and data are avail-
able in supplementary materials with fixed random seeds
(seed=0) for reproducibility.

B.S. Limitations

Key limitations include: (1) linearity assumptions in
OLS may not capture complex interactions; (2) models are
not strictly independent due to incremental improvements;
(3) measurement error in reported parameter counts; (4)
publication bias toward successful models; (5) temporal
confounding from hardware/data advances. Despite these
limitations, robust comparative insights into VLA design
principles were obtained.

C. Theoretical Entropy and Fusion Energy
Computation

This appendix provides detailed mathematical deriva-
tions and computational procedures for the theoretical quan-

tities visualized in the analysis of VLA fusion theory (Fig. 13).

These metrics quantify the information-theoretic properties
of multimodal fusion in Vision-Language-Action models.

C.1. Theoretical Framework
Vision-Language-Action models integrate information

from multiple modalities (vision, language, proprioception)

to generate robot actions. We model this fusion process using

information theory principles, focusing on three theoretical
quantities:

1. AH, —Entropy reduction (uncertainty reduction from
fusion)

2. n; — Cross-modal attention efficiency (computational
cost-benefit ratio)

3. Etysion — Fusion energy (total information processing
capacity)

C.2. Entropy Reduction (AH,)

Definition: Entropy reduction measures how much task
uncertainty is eliminated by the VLA model. Higher entropy
reduction indicates more effective uncertainty resolution.
For arobotic task with initial uncertainty H, and post-fusion
uncertainty H,:

In our empirical analysis, we use the complementary
success rate as a proxy for residual uncertainty:

AH; =1 — Success, (23)

Initial uncertainty H,, is normalized to 1 (maximum
uncertainty before fusion). Residual uncertainty H;, ~ (1 —
Success,,.) represents unresolved task ambiguity. Lower
success rates — higher residual uncertainty — lower entropy
reduction. Higher success rates — lower residual uncertainty
— higher entropy reduction.

C.3. Cross-Modal Attention Efficiency (1)

Definition: Attention efficiency quantifies the informa-
tion gain per unit of computational cost. It measures how ef-
ficiently the model leverages multimodal complexity relative
to parameter budget. Mathematically,

ne = Cmod X Ctask (2 4)
kTS, + S,

where, C,,,4 is Modality richness (number of input modal-
ities), Ci,q represents Task complexity score (difficulty,
diversity, generalization), .S, is Vision encoder size (log,
of parameter count), and S, is Language model size (log;
of parameter count).

Interpretation: The representational demand, expressed
as the numerator (Cpoq X Cik)> captures the interaction
between modality richness and task difficulty; higher values
indicate tasks requiring more complex multimodal reason-
ing. The denominator (.S, +S,) represents the computational
capacity, calculated as the log-scaled sum of vision and
language model parameters, reflecting the total parameter
budget available for multimodal processing. The resulting
efficiency ratio 7, quantifies how effectively a model con-
verts capacity into performance: high #; values denote effi-
cient models that achieve sophisticated reasoning with fewer
parameters, while low #, values indicate architectures that
rely on large models to solve relatively simple tasks.
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C.4. Fusion Energy (Eq,gon)

Definition: Fusion energy represents the total information-
processing capacity mobilized during multimodal integra-
tion. It combines success rate, model scale, and modality
richness into a unified metric. Mathematically;

Egusion = Success X (S, + Sy) X In(1 + Cppoq)  (25)

where, Success is adjusted success rate (0-1), .S, + Sy, is
Total model capacity (log-scale parameters), In(1 + C,,,4),
Modality complexity (logarithmic scaling).

D. Domain and Component Analysis
Methodology

This appendix provides detailed computational proce-
dures for the domain-wise and component-wise performance
analysis figures. These analyses examine how VLA per-
formance varies across application domains (manipulation,
navigation, humanoid, GUI) and architectural components
(decoders, vision encoders, language models). All computa-
tions follow the same data preprocessing pipeline described
in Appendix A.

All analyses follow consistent statistical aggregation
(group means, standard deviations) and filtering criteria
(n > 3, exclusion of ambiguous categories). Visualization
employs perceptually uniform color palettes, outside leg-
ends, error bars, and domain-specific background shading
for the 8-panel analysis.

These analyses complement the regression-based forest
plot (Appendix A) and entropy-based theoretical analysis
(Appendix C) by providing descriptive, exploratory perspec-
tives on VLA performance heterogeneity.

D.1. Decoder Analysis

Purpose: Evaluate how different action decoder archi-
tectures impact task success and generalization capability.
Data Grouping: Models are grouped by DecoderFamily: Au-
toregressive: Sequential action prediction (e.g., transform-
ers, LSTMs), Diffusion: Iterative denoising-based action
generation, MLP: Direct feedforward prediction, Planner:
Explicit planning algorithms, Flow: Normalization of flow-
based modeling (excluded if #n < 3)

Filtering Criteria: We exclude decoder families with
fewer than 3 models to ensure statistical reliability:

Statistical Aggregation: For each decoder family, we
compute the following:

7=+ Yy, (26)
"4 ep,

where, Y, is the mean success rate for decoder family d, n,
is the number of models with decoder d, D, is the set of
models that uses the decoder d, and Y; is the success rate for
model i

Standard deviation across models in each family:

1 _

i€Dy

Standard error of the mean:

Oy
Vi

D.2. Encoder Analysis

Purpose: Evaluate how vision and language encoder
choices affect performance and generalization. Data Group-
ing:

Vision Encoder Families: CLIP-based (e.g., CLIP-ResNet50,
CLIP-ViT), ViT/Transformer (e.g., ViT-Base, ViT-Large),
ResNet (e.g., ResNet-18, ResNet-50), EfficientNet (e.g.,
EfficientNet-B3), DINO-based (e.g., DINOv2), and SigLIP.

Language Model Families: BERT (e.g., BERT-base),
GPT (e.g., GPT-3.5, GPT-4), T5 (e.g., T5-Small, T5-Base),
LLaMA (e.g., LLaMA-2-7B, LLaMA-70B), Qwen (e.g.,
Qwen-7B, Qwen-72B), PaL M (e.g., PaALM-2), Gemini/Gemma,
CLIP Text, and Vicuna

SE, = (28)

D.3. Domain Analysis
Purpose: Compare VLA performance across different
application domains to identify domain-specific challenges.

Domain Categories.

e Manipulation: Pick-and-place, assembly, tool use
(e.g., kitchen tasks, object rearrangement)

o Navigation: Mobile robot navigation, path planning
(e.g., indoor navigation, obstacle avoidance)

e Humanoid: Whole-body control for humanoid robots
(e.g., bipedal walking, reaching)

Statistical Aggregation: For each domain d, compute
mean and standard deviation as in previous sections.

D.4. Domain-Component Analysis
Purpose: Joint analysis of how architectural components
(decoders, encoders) perform across different application
domains. This reveals domain-specific design principles.
Statistical Computation: For each panel showing domain
X component interaction:

fe=— Y ¥, (29)

X i€Dy,

where: Yd,c is mean success for domain d and component c,
ny . is number of models with domain ¢ and component c,
and D, . is the set of such models

These values are organized into a pivot table (domain
matrix X component) to plot:

E. Data and Code Availability

Data that we used to perform the above analysis and the
complete code for the plots are available as supplementary
material. Upon acceptance, we will provide the GitHub
repository with all the supplementary material.

First Author et al.: Preprint submitted to Elsevier
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