Large Behavior Models: a promising approach for safe and reliable robotics?
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Abstract

Vision-Language-Action models (VLAs) and Large Be-
havior Models (LBMs) are becoming a central re-
search direction for cognitive and humanoid robotics.
They promise to connect semantic perception, natural-
language task specification, multimodal state estima-
tion, and continuous motor control in one trainable pol-
icy stack. This paper reviews the motivation, histor-
ical roots, architectural principles, and taxonomy of
recent VLA and LBM approaches. Particular atten-
tion is given to multimodal and multisensory fusion,
cross-embedding of vision, language, robot state and ac-
tion, autoregressive action token generation, diffusion
policy, and flow matching. The paper also discusses
robot datasets, representative systems and prediction-
based alternatives. The main conclusion is that cog-
nitive robotics is moving toward hybrid architectures
that combine pretrained semantic backbones, multisen-
sory latent state estimation, generative continuous ac-
tion heads and predictive world models. In the end, we
also discuss the limitations of this approach to building
intelligent robotic systems.

1 Introduction

Humanoid robots are no longer only mechanical plat-
forms for scripted motion. They are becoming em-
bodied Al systems that must interpret human instruc-
tions, perceive complex scenes, interact safely with ob-
jects and people, and coordinate many degrees of free-
dom in real time. This requirement creates a diffi-
cult cognitive-robotics problem: the robot must connect
symbolic or linguistic task descriptions with percep-
tual grounding, physical state estimation, and closed-
loop control. Vision-Language-Action models (VLAs)
address this problem by extending Vision-Language
Models (VLMs) toward direct robot action generation
(Kawaharazuka et al.| 2025). Large Behavior Mod-
els (LBMs) address a broader problem: how to scale
robot policies across many behaviors, tasks, environ-
ments and embodiments (TRI LBM Team et al., [2026)).

The distinction between VLA and LBM is useful
but not absolute. A VLA is usually language-grounded:
it receives an image or video observation, a language
instruction, and possibly proprioceptive state, then pro-
duces actions (see an example in Fig[T). An LBM is
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Fig. 1: Architecture of a typical Vision-Language-
Action model for robotic manipulation (Din et al.
2025). The three embeddings are fused in an LLM that
generates multimodal semantic representation of the in-
tended task, i.e., along with robot state features, de-
coded to a trajectory that accomplishes the task.

a large-scale behavior policy trained on broad robot
data; it may be language-conditioned, but it can also
be defined primarily by action competence and data
scale. The strongest current robot foundation models in-
creasingly combine semantic grounding from pretrained
vision-language backbones, broad behavioral compe-
tence from large trajectory datasets, and continuous ac-
tion generation for physical control (Octo Model Team!
et al.,[2024; Black et al.| 2024} INVIDIA et al., 2025).

For cognitive and humanoid robotics, this shift
is important because classical modular pipelines often
separate perception, mapping, planning, grasp synthe-
sis and motor control. Such modularity remains valu-
able for verification and safety, but it can be brittle
under open-ended instructions, clutter, occlusion, de-
formable objects, contact-rich manipulation and em-
bodiment mismatch. VLA and LBM research does not
remove the need for structure; rather, it asks how much
of this structure can be learned, shared across tasks and
adapted to new robots.

There also exist recent robotics-related proto-LBMs
that stand somewhere between VLAs and LBMs.
RoboVLM (L1 et al., 2026) and HY-Embodied (Yu
et al., 2026) differ in details but converge on the same
idea: a unified, scalable VLA foundation model that
generates behavior directly, an emerging form of LBMs.



RGB Images Y

"Cut the apple
into slices"

Language —
Instruction

/| e |
EE-Pose Diffusion .
pl. Timestep, K’

LBM Diffusion
Transformer

Noised Actions a* ( ction Tokens | onsenvaton Emn. |

b

Fig. 2: Architecture of a Large Behavior Model (TRI LBM Team et al., 2026) The model is conditioned on language,

vision and proprioception and outputs 20-dimensional actions over 16 timesteps.

2 Historical roots and motivation

The first root of VLAs and LBMs is end-to-end visuo-
motor learning. Early deep visuomotor policies showed
that perception and control could be trained jointly from
raw sensory observations, challenging the idea that a
robot always needs a manually specified symbolic state
before action selection (Noda et al.| 2014). RT-1 later
demonstrated that transformer architectures can absorb
large real-world robot datasets and generalize across
many tasks when camera observations, instructions and
motor commands are represented in a compact sequence

format (Brohan et al.| [2022).

The second root is multimodal representation learn-
ing that studies how models represent, align, trans-
late, fuse and co-learn from multiple modalities

truSaitis et al [2019). Early deep multimodal learning
showed that coordinated representations can transfer in-

formation across sensory streams (Ngiam et al., 201T).
In robotics, multimodal integration was already stud-
ied on humanoid platforms by learning fused sensory-
motor time-series representations for behavior genera-
tion 2014). This tradition becomes essen-
tial in manipulation, where vision may see the object
globally, proprioception tells the robot where its body is,
and tactile or force feedback reveals contact that cam-
eras cannot observe (Li et all, 2023}, [Sferrazza et al.)

2024).

The third root is language-conditioned imitation
learning and vision-language pretraining. CLIP showed
that large-scale image-text pretraining can produce
transferable visual concepts addressable through lan-
guage (Radford et al 2021). CLIPort then combined
CLIP-like semantic understanding with spatial manip-
ulation precision, separating the question of what to
manipulate from where to act (Shridhar et al) 2022).
PalLM-E inserted continuous embodied observations
into the token stream of a large language model (LLM),
showing that language, image and robot state can be

processed jointly for embodied reasoning
2023). VIMA generalized the prompting view by inter-

leaving visual and textual prompt tokens and decoding
robot actions autoregressively 2022).

The final root is sequence modelling for decision
making. Decision Transformer and Trajectory Trans-
former reframed control as sequence prediction over

states, actions and returns (Chen et all, 2021} [Janner]

2021). This was conceptually important because it
made robot control compatible with the scaling recipes

of LLMs: tokenize inputs, train on large sequential
datasets, and predict the next element in context. RT-
2 made this connection explicit by expressing robot ac-
tions as text-like tokens and co-training on robot trajec-

tories and web-scale vision-language tasks (Zitkovich|
2023).

3 Key architectural principles

3.1 Multimodal and multisensory fusion

Multimodal fusion means that a policy does not rely
on one input channel only. In VLAs and LBMs, the
usual modalities are image or video, language instruc-
tion, robot proprioception, action history and sometimes

tactile, force, audio or depth observations (Baltrusaitis
2019). Multisensory fusion is especially im-

portant for humanoid manipulation because many task-
relevant variables are hidden: the object may be oc-
cluded by the hand, contact pressure may change before
the object visibly moves, and slippage may be felt be-
fore it is seen. Experiments on visual-auditory-tactile
manipulation show that different senses dominate dif-
ferent parts of the task: vision supplies global scene
context, audio can mark contact events, and touch sup-
plies local geometry and contact information (L1 et al.,
2023). Vision-touch masked multimodal learning sim-
ilarly shows that tactile information improves sample
efficiency and robustness under occlusion (Sferrazzal



et al., [2024).

For cognitive robotics, the key point is that the robot
internal state should not be a simple image caption. It
should be a control-relevant latent state: a compact rep-
resentation that binds object identity, spatial relations,
affordances, body configuration, contact state and task
intention. Here the cross-embedding becomes central.

3.2 Cross-embedding and embodied tokens

Cross-embedding refers to representing multiple modal-
ities in a common or coordinated latent space so that in-
formation can be compared, attended to, fused or trans-
lated across modalities (Ngiam et al., 201 1; [Baltrusaitis
et al., [2019). In current robot foundation models, this
often means mapping visual features, language tokens
and robot state vectors into a transformer-compatible
sequence. PaLM-E is a clear example: visual observa-
tions and continuous state estimates are projected into
the same processing stream as language tokens (Driess
et al.,2023)). VIMA uses multimodal prompts in which
text and visual tokens specify the manipulation task
(Jiang et al.|[2022). OpenVLA combines a Llama-based
decoder with fused DINOv2 and SigLIP visual features,
illustrating how pretrained visual and vision-language
encoders can support robot action prediction (Kim et al.|
2025} |Oquab et al., [2023; Zhai et al.| 2023).

This design has a cognitive interpretation. The
robot does not merely classify pixels or parse com-
mands. It constructs an embodied context in which
words such as cup, fragile, left, gently or give become
linked to visual objects, body posture, force constraints
and possible action sequences. Cross-embedding is
therefore a computational mechanism for grounding
meaning in action.

3.3 Autoregressive token generation

Autoregressive token generation means that the model
predicts the next token conditioned on previous tokens.
In language models the tokens are words or subwords;
in robot policies they may be discretized actions, action
chunks or symbolic representations of continuous con-
trol variables (Chen et al.l [2021)). RT-2 is the canonical
VLA example: it formats robot actions as text-like to-
kens so that the same model can learn both language
responses and action outputs (Zitkovich et al., 2023).
OpenVLA keeps this transformer-based VLA idea but
releases an open model and training stack, making the
approach more reproducible (Kim et al.,|2025)).

The advantage of autoregressive VLAs is concep-
tual and engineering simplicity. They fit naturally with
pretrained VLMs and allow web-scale semantic knowl-
edge to influence robot control. Their limitation is
action precision. Fine motor control often requires
smooth, high-frequency, continuous trajectories. Dis-
cretizing a dexterous hand, wrist and arm into tokens

can introduce quantization error, longer sequences and
latency. This limitation motivates diffusion and flow-
based action heads.

4 VLA and LBM model families

A practical taxonomy can be organized by the way task
context and action are represented.

(1) Semantic-spatial manipulation models use
vision-language pretraining to ground object concepts
while preserving precise spatial control. CLIPort is the
representative example because it combines a seman-
tic pathway for what to manipulate with a spatial path-
way for where to manipulate (Shridhar et al. 2022).
Such models are not always full VLAs in the recent
foundation-model sense, but they are historically impor-
tant because they demonstrated that internet-scale se-
mantic representations can improve robot manipulation.

(2) Promptable and embodied language models pro-
cess text, visual observations and sometimes robot state
in a common sequence. PalLM-E is primarily an em-
bodied multimodal language model for reasoning and
planning (Driess et al., [2023), whereas VIMA is a
transformer agent that solves tabletop tasks from mul-
timodal prompts and outputs actions autoregressively
(Jiang et al., [2022). These models make the instruction
interface explicit and show how language can structure
robot behavior beyond fixed task labels.

(3) Autoregressive VLA controllers directly treat
action as part of the token sequence. RT-1 introduced
a scalable robotics transformer trained on diverse real-
world robot data (Brohan et al.,[2022)). RT-2 then trans-
ferred web-scale vision-language knowledge into robot
control by co-training on internet vision-language tasks
and robot trajectories (Zitkovich et al., 2023). Open-
VLA extended this line as an open 7B-parameter VLA
trained on 970k robot demonstrations from Open X-
Embodiment (Kim et al.} 2025} |0’ Neill et al., 2023).

(4) Generalist robot policies and LBMs emphasize
behavioral scale across tasks and embodiments. Octo
is a transformer-based diffusion policy trained on 800k
trajectories from Open X-Embodiment and designed
for adaptation to new sensors and action spaces (Octo
Model Team et al., 2024; |O’Neill et al., [2023). TRI’s
LBMs extend the diffusion-policy paradigm across ap-
proximately 1,700 hours of robot data and evaluate
multitask dexterous manipulation with controlled real-
world and simulation trials (TRI LBM Team et al.,
2026). In this family, language is useful, but the defin-
ing feature is broad behavioral competence from large
robot data.

(5) Continuous generative policies use diffusion or
flow matching to produce smooth action trajectories.
Diffusion Policy models actions as a denoising process
conditioned on observations (Chi et al.| 2025). RDT-1B
scales a diffusion transformer for bimanual manipula-



tion (Liu et al., 2024). GROOT N1 uses a dual-system
VLA architecture for humanoids in which a vision-
language module interprets the instruction and a dif-
fusion transformer generates motor actions (NVIDIA
et al.} 2025). The my model uses flow matching rather
than classical action tokenization to generate continu-
ous actions from a pretrained vision-language backbone
(Black et al., [2024).

(6) Predictive world-model alternatives such as
JEPA-based systems learn how the world evolves in la-
tent space and then plan actions, instead of directly map-
ping observation and instruction to action (Assran et al.|
2025; Terver et al.l2025). They are not merely another
action head; they represent a different hypothesis about
cognitive robotics: robust behavior may require predic-
tion and planning in an abstract world model.

5 Datasets and scaling

The scaling of VLAs and LBMs depends on datasets
as much as architectures. Open X-Embodiment pooled
robot trajectories across many institutions and robot em-
bodiments, enabling the RT-X line of cross-robot poli-
cies and providing a foundation for OpenVLA and Octo
(O’Neill et al., 2023; [Kim et al.l 2025 |(Octo Model
Team et al., 2024)). DROID extended the dataset land-
scape with in-the-wild robot manipulation demonstra-
tions collected across many real scenes, tasks and data
collectors (Khazatsky et al., [2024). VIMA-Bench, in-
troduced with VIMA, provides procedurally generated
tabletop tasks with multimodal prompts, supporting sys-
tematic evaluation of generalization (Jiang et al., 2022).
Another interesting dataset is Humanoid Everyday that
aims to advance research in general-purpose humanoid
manipulation and lay the groundwork for more capa-
ble and embodied robotic agents in real-world scenarios
(Zhao et al., [2025).

However, robot data remain scarce compared with
internet text and image data. This is the central bot-
tleneck for humanoid robotics. Humanoids have high-
dimensional bodies, many coupled joints, unstable con-
tacts and safety constraints. Consequently, near-future
VLA and LBM training will likely combine robot tele-
operation, simulation, motion capture, human video,
synthetic data and self-supervised world-model pre-
training (O’Neill et al} 2023 [Khazatsky et al.| [2024;
NVIDIA et al.l[2025; |Assran et al. [2025)).

6 Diffusion policy and flow matching

6.1 Diffusion policy

Diffusion policy applies the idea of denoising diffusion
models to robot action generation (Chi et al., [2025)).
During training, the model sees expert action trajecto-
ries, adds different levels of noise to them, and learns

how to remove that noise while conditioning on obser-
vations such as images, robot state and task context.
During inference, it begins with a noisy action sequence
and iteratively denoises it into a plausible action trajec-
tory. This is useful because manipulation is often mul-
timodal: there may be several correct ways to grasp a
cup, fold a cloth or move around an obstacle. A standard
regression policy may average these alternatives into a
bad action, while a diffusion policy can represent sev-
eral possible action modes (Chi et al.| 2025)).

In robotics, diffusion policies are often used with
receding-horizon control (Chi et al., 2025). The policy
generates an action chunk, the robot executes the first
part, receives updated observations, and then replans.
This provides a compromise between long-horizon tem-
poral consistency and closed-loop correction. Octo,
RDT-1B, GROOT N1 and TRI LBMs can all be read
as different ways of scaling this continuous generative-
action idea to larger datasets, broader tasks or embodi-
ments (Octo Model Team et al., [2024; [Liu et al.| [2024;
NVIDIA et al.,[2025;TRI LBM Team et al., [2026).

The price of diffusion is sampling cost. Since the
action is refined through multiple denoising steps, in-
ference may be slower than one-shot prediction. This
matters for dexterous hands, whole-body humanoids
and dynamic interaction. Research therefore explores
fewer denoising steps, action chunking, specialized dif-
fusion transformers and alternatives such as flow match-
ing (Lipman et al., 2023; Black et al., [2024).

6.2 Flow matching and the velocity-field analogy

Flow matching is a generative modelling objective that
learns a vector field transforming simple noise into sam-
ples from the data distribution (Lipman et al.| [2023)).
The intuitive analogy is a river current. Imagine many
small floating leaves initially scattered randomly on the
water. A velocity field tells each leaf in which direction
and how fast to move at each point. If the current is
learned correctly, the random cloud of leaves gradually
flows into the shape of the desired object. In a robot
policy, the random cloud is initial action noise, the final
shape is a meaningful action trajectory, and the learned
current is the policy’s velocity field (Black et al., 2024)).

Compared with classical diffusion, flow matching
can be understood as learning a more direct transport
path from noise to data. It does not only ask the model
to remove noise step by step; it asks the model to learn
the instantaneous direction of travel along a probabil-
ity path. The 7y model uses this principle to generate
continuous robot actions with a separate action expert
on top of a pretrained vision-language backbone (Black
et al., |2024). This is attractive for fine motor control
because actions remain continuous, action chunks can
be smooth, and the semantic backbone can still provide
language and visual grounding.

For an audience new to the velocity-field concept,



a second analogy is navigation in a city. A map tells
where the streets are, but a velocity field tells how traf-
fic should move at every location and time. Flow match-
ing trains the policy to produce this motion rule. Once
trained, the model can start from an unstructured ini-
tial action and follow the learned flow toward a coherent
motor command. For humanoid robotics, this is promis-
ing because the same high-level instruction may require
subtle continuous coordination of shoulder, elbow, wrist
and fingers.

7 JEPA and predictive world-models

Joint-Embedding Predictive Architectures (JEPAs) of-
fer a different route toward embodied intelligence. A
JEPA predicts future or missing representations in la-
tent space rather than reconstructing raw pixels (Le-
Cun, 20225 |Assran et al., 2023). I-JEPA demonstrated
this principle for images (Assran et al., [2023)), while V-
JEPA 2 extends it to video and physical planning by
learning from large-scale video and then adding action-
conditioned latent dynamics for robotic tasks (Assran
et al., [2025). JEPA-based world models aim to support
planning by predicting how the world will change under
possible actions, and recent work evaluates which archi-
tectural and training choices are important for physical
planning in latent space (Terver et al.,2025)).

The difference from direct VLA policy learning is
fundamental. A VLA often maps observation and in-
struction directly to action. A JEPA-style world model
first learns a predictive representation of the world, then
uses planning to choose actions that move the latent
state toward a goal (LeCun, 2022; |Assran et al.| 2025).
This may be advantageous for long-horizon cognition,
causal anticipation and learning from passive video, but
it can add planning cost and currently has less mature
language-to-action grounding than VLA controllers. A
plausible future is hybrid: a VLA proposes grounded
actions, while a predictive world model evaluates con-
sequences and supports lookahead.

8 Implications for cognitive and hu-
manoid robotics

The VLA-to-LBM transition changes how we can think
about robot cognition. Cognition is no longer located
only in symbolic planning or explicit world models. It
is distributed across pretrained perceptual backbones,
cross-modal embeddings, temporal sequence models,
action generators and feedback loops. In humanoid
robots, this matters because behavior depends on the
whole body: gaze, torso, arms, hands, tactile contact
and balance must cooperate. GROOT N1 and related hu-
manoid foundation models explicitly target this whole-
body setting (NVIDIA et al.,|2025)), while bimanual dif-

fusion models such as RDT-1B target the coordination
problem of two arms (Liu et al., 2024).

At the same time, several challenges remain open.
(1) Generalization is still limited by data coverage: a
model can only generalize robustly if its training dis-
tribution contains enough variation in objects, scenes,
embodiments and failures (O’Neill et al., 2023 |Khaz-
atsky et al.,2024; 'TRI LBM Team et al.||2026).
(2) Evaluation is difficult because robot success is
stochastic, hardware-dependent and sensitive to small
environmental changes (TRI LBM Team et al., 2026).
(3) Safety and interpretability are unresolved. In human
environments, a humanoid should not only act success-
fully but also make its intentions understandable, detect
uncertainty, and fail safely.
(4) Multimodal fusion must handle missing or unreli-
able sensors; a camera may be occluded, a tactile sensor
may drift, and a language instruction may be ambiguous
(L1 et al., [2023; [Sferrazza et al.| [2024).

These limitations suggest that future cognitive hu-
manoid systems will not be pure end-to-end black
boxes. They will probably combine learned policies
with constraints, safety monitors, symbolic task struc-
ture, uncertainty estimation, human feedback and pre-
dictive world models. The contribution of VLA and
LBM research is that it supplies a scalable learned sub-
strate on which such structured cognition can be built.

9 Core problems of MLLMs

In general, despite their interesting performance,
MLLMs are subject to several shortcomings (which ap-
ply to VLAs and LBMs as well). One is the well-known
problem of ‘hallucinations” (J1 et al. 2023), which
was first identified in LLMs, primarily linked to the
symbol grounding problem (SGP) |Huang et al.| (2023).
Since its discovery, there has been a growing number
of literature referring to this undesirable phenomenon
manifesting itself in various forms (Alansari and Lug-
man), [2026). |Kalai and Vempalal (2024) show that, un-
der calibration assumptions and for certain classes of
arbitrary facts, hallucination must occur, i.e., it has a
statistical lower bound rather than being only an engi-
neering defect. Regarding models’ internal representa-
tions, the existence of the so-called H-neurons respon-
sible for hallucinations has been reported (Gao et al.,
2025). From the psychological perspective, the halluci-
nating LLMs have been shown to cause delusional spi-
raling even in very rational users (Chandra et al., 2026).
Obviously, the existence of ubiquitous hallucinations
poses substantial obstacles to practical deployment of
LLMs and raises concerns regarding their reliability in
real-world applications.

However, the expectations that SGP can be solved
by grounding symbols in robot experience using
MLLMs have not been met, since the hallucinations



have been shown not to be language-specific (Sun et al.|
2024). According to most recent literature, hallucina-
tions have also been found in MLLMs Huang et al.
(2025). Vision-Language Models (VLM) often exhibit
cross-modal inconsistency, i.e. a discrepancy between
an image content and text response. For instance, in
case of object-related hallucinations (a frequent case),
three types have been identified: object category, object
attribute, and object relation. Hallucinating MLLMs are
a problem which implies that merely adding modalities
to language, in order to address the SGP and achieve
understanding, does not automatically provide a so-
Iution. The core of the problem must lie elsewhere.
For instance, |[Farkas et al.| (2025) argue that the prob-
lem may be due to a fundamentally different (non-
developmental) way how world knowledge is acquired
in MLLMs compared to humans, the main argument be-
ing that in MLLMs the language is central and that they
lack non-linguistic world model (unlike people).

Apart from hallucinations, another problem of
MLLMs has been identified, labeled “mirage effect” as
evidence of an illusion of visual understanding in VLMs
(Asadi et al.| 2026). The authors define mirage as an
Al model describing visual features in the absence of
any image input. The output of a model affected by
the mirage effect, seen in isolation, is indistinguishable
from that of normal visual reasoning. The model does
this without expressing any uncertainty, lack of confi-
dence, or acknowledging an assumption or hypotheti-
cal scenario. The authors explain that contrary to hal-
lucinations, the mirage effect does not necessarily in-
volve inconsistencies or false responses. The response
in mirage-mode can be correct in every sense, accom-
panied by a meticulous reasoning trace, and completely
coherent. The main characteristic of the mirage effect,
however, is the construction of a false epistemic frame
that is not grounded in the provided input. Mirage ef-
fect is hence also a problem that hinders the practical
deployment of such VLM models.

10 Challenges for LBMs in robotics

Despite growing excitement about the potential of lever-
aging Al in robotics, it must be acknowledged perceving
and acting in the physical world pose greater and differ-
ent challenges for Al than analysing data in isolation
(Billard et al., 2025). More concretely, we cannot ex-
pect approaches that excel in purely data and software-
based gaming environments, or image or text genera-
tion, to be readily applied to real-time sensing, planning,
control and navigation for physical machines operat-
ing in complex, unpredictable environments, especially
those involving human interaction. As a roadmap for
Al in robotics, several short-term challenges have been
identified (Billard et al.l 2025): (1) Improved datasets
(for manipulation and navigation tasks), for different

tasks and different embodiments and interaction with
humans, (2) Techniques to overcome the sim-to-real
gap, (3) Combination of model-based and model-free
learning, and (4) Generative models for robotics includ-
ing the use of existing LLMs for semantic inference,
development of new large-scale visual models and VLA
models for different tasks.

The paper also mentions the long-term challenges,
namely (1) life-long learning which would allow robots
to acquire new knowledge and skills during their entire
operational life, and (2) transfer learning which would
enable transferring learned skills to new tasks, different
robots and environments, perceptions between robots,
or from simulation to physical robots. Given the ex-
panding literature on VLAsS, transfer learning is already
being addressed intensively, supported by a growing
number of large multimodal datasets.

11 Near-future outlook

In the near future, four developments seem likely.

(1) Continuous action generation will become more
important for dexterous and humanoid robotics. Au-
toregressive token policies will remain attractive for se-
mantic grounding, but diffusion and flow matching bet-
ter match the smooth control needs of hands and whole-
body motion (Chi et al., 2025; Black et al.|, |[2024).

(2) Multisensory fusion will move from an optional
add-on to a core requirement, especially for manipula-
tion under occlusion, deformable objects and contact-
rich tasks (L1 et al., 2023} |Sferrazza et al., 2024).

(3) Data mixtures will become increasingly hetero-
geneous. Robot-only data are too expensive, so train-
ing will combine robot trajectories, human demonstra-
tions, egocentric video, simulation, synthetic data and
self-supervised video pretraining (O’Neill et al.| 2023}
Khazatsky et al., [2024} |Assran et al.| 2025)).

(4) The boundary between policy models and world
models will blur. VLAs will gain predictive mod-
ules, and JEPA-style models will gain stronger language
grounding and action interfaces (Assran et al. 2025
Terver et al.| [2025)).

For cognitive robotics, the most promising direction
is therefore not a single architecture but a layered recipe:
pretrained semantic perception, multisensory state em-
bedding, generative continuous action, predictive latent
planning, and safety-aware human interaction. This
recipe can support robots that are not only more capable,
but also more adaptive and understandable in everyday
human environments.

12 Conclusion

VLAs and LBMs represent a shift from task-specific
robotic programs toward scalable embodied policies.
VLAs emphasize the grounding of language and vi-



sion in action, while LBMs emphasize broad behavioral
competence across tasks and data. Their foundations lie
in multimodal learning, language-conditioned imitation
learning, sequence modelling and robot dataset scal-
ing. Current state-of-the-art systems differ in how they
represent actions: autoregressive token models connect
naturally to language-model training; diffusion poli-
cies represent multimodal continuous trajectories; flow-
matching policies learn a velocity field from noise to
action; and JEPA-based world models provide a predic-
tive alternative for planning in latent space.

For humanoid cognitive robotics, the central oppor-
tunity is integration. A useful humanoid robot must
understand instructions, perceive objects, infer hidden
physical state, coordinate the whole body, and adapt un-
der uncertainty. No single model family solves all of
these requirements. The likely future is hybrid: VLA-
style semantic grounding, LBM-style behavioral scale,
diffusion or flow-based motor generation, and JEPA-
style prediction. Such systems could move humanoid
robots from impressive demonstrations toward robust,
explainable and socially useful behavior.
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